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ABSTRACT

In recent years, electroencephalography (EEG) has become a valuable technique for
ergonomics studies of physical activities and other real-life tasks. Since the perception of force
exertion is influenced by various psychophysical, cognitive, and social factors, different
subjective measures have been traditionally used to measure the perception of physical exertion
and related body discomfort. Along with the subjective measures, research showed that neural
signals are also necessary objective measures to understanding human perception of physical
tasks. However, EEG signatures of different physical exertion levels and perceived physical
comfort have not been explored. The main objective of this study was to investigate EEG activity
measured by power spectral density (PSD) for isometric arm forces at different levels of physical
exertion and physical comfort. The first part of the study investigated PSD changes at five
predefined force exertion levels, i.e., extremely light, light, somewhat hard, hard, and extremely
hard. The healthy female participants performed physical exertions and rated their level of
experienced physical comfort. Significant differences in force exertion and PSD for theta, beta,
and gamma waves were observed. Significant correlations were also found between PSD, force,
and rating of physical comfort (RPPC). In the second part of the study, PSD changes at
predefined physical comfort levels were investigated, namely at very low, moderate, fair, high,
and very high comfort levels. The participants also rated the level of perceived physical exertion.
Significant differences in force exertion and comfort levels for theta, beta, and gamma power
were found. In addition, significant correlations were found between PSD, force, and rate of
physical exertion (RPE). Overall, this is a novel study where EEG signatures of isometric efforts
iii

by females have been investigated at different force and physical comfort levels. The reported
results should improve our understanding of the neural correlates of physical tasks performed by
females.
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CHAPTER 1: INTRODUCTION
1.1 Perceived Exertion and Comfort
Perceived exertion is defined as the level intensity that is subjectively developed to rate
physical effort, discomfort, or fatigue experienced during physical work (Noble & Robertson,
1996; Robertson & Noble, 1997). The rate of perceived exertion (RPE) should also be
considered a subjective measure of instant perception (Karwowski, 1991; Karwowski et al.,
1999). Grant, Habes, & Putz-Anderson (1994) showed that RPE was a better predictor of grip
force when the task complexity was increased. Borg (1982) also stated that RPE is the best
predictor of the degree of physical strain. Borg proposed two scales of RPE, i.e., 15 point scale
and category ratio (CR-10) (G. Borg, 1990). The first one has a relationship with heart rate, such
that heart rate/min = 10*RPE. The other one measures specific cases like muscular pain or
fatigue (Borg, 1998). Both of the scales are shown in appendices A and B. Although there are
other scales of perceived exertion, the Borg scale is a popular one, and generally, participants
prefer the Borg scale to the visual analog scale (Ulin et al., 1990).
In the case of measuring perceived comfort, modified scales or questionnaires are used
(Pearson, 2009). For example, Kee & Karwowski (2001) used the free modulus method to rate
perceived comfort. Knight, Baber, Schwirtz, & Bristow (2002) applied Comfort Rating Scales
(CRS) and measured comfort with wearable computers by considering six factors i.e. emotions,
physical feel, physical effect, physical difference, movement, and safety concerns. Hernandez,
Alhemood, Genaidy, & Karwowski (2002) used unipolar and bipolar scales to measure comfort-
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discomfort of physical tasks. In this study, a physical comfort scale by Karwowski (2018) was
used (Appendix D).
1.2 Physical Neuroergonomics and Electroencephalography (EEG)
Neuroergonomics studies brain structure and function in the context of human cognition
and behavior at work and any other real-world scenario (Parasuraman & Rizzo, 2008). It is an
emerging research field of human factors and ergonomics (HFE). HFE focuses on humancompatible systems with the application of human-centered principles (Karwowski, 2005). In
addition to the conventional applications, HFE aims to ensure efficient systems design in
numerous special cases e.g. functional disabilities, aging, military, students, trainees, and so on
(Marek, Karwowski, & Rice, 2010). Neuroergonomics can play a unique role in these fields. For
neuroergonomics research, neuroimaging methods are preferred among other methods
(Parasuraman & Rizzo, 2008).
Neuroimaging methods are used to observe and analyze brain activity. The human brain
is a uniquely sophisticated organ, which makes us one of the most intelligent species in the
universe. It contains about 86 billion specialized cells called neurons (Azevedo et al., 2009).
Neurons make connections with each other continuously, which are observed in the form of
electrical signals (Stern, Ray, & Quigley, 2001). Neuronal oscillations generate different types of
wave patterns from different brain regions such as delta (<4 Hz), theta (4-7 Hz), alpha (7-12 Hz),
beta (12-30 Hz), gamma (30-50 Hz) and mu (9-11 Hz) (Niedermeyer & da Silva, 2005;
Suurmets, 2018). Alpha is probably the widely studied frequency pattern that has an inverse
relation with cortical activation and represents a relaxed state (Teplan, 2002). A variation of
2

alpha is mu rhythm originating from the motor cortex which plays a role in voluntary movement
(Niedermeyer & da Silva, 2005). Delta, theta, beta, and gamma bands are mostly related to
motivational processes, memory and emotion, sensorimotor behavior, and attention and object
representation respectively (Suurmets, 2018).
Voluntary control of muscle movements and motor activities is one of the crucial
functions of our brain (Karwowski, Siemionow, & Gielo-Perczak, 2003). Investigations in the
field of physical neuroergonomics focus on the cerebral cortex that is involved in controlling
muscle activation and smoothing out high-speed motor control processes (Karwowski et al.,
2003). One of the popular neuroimaging techniques used in neuroergonomics is
Electroencephalography (EEG) (Parasuraman & Wilson, 2008).
EEG is a noninvasive method whereby electrodes are placed on the scalp to measure
spontaneous electrical activities of the brain at certain periods (Niedermeyer & da Silva, 2005).
Parasuraman & Rizzo (2008) suggested that brain monitoring for ergonomic studies should be
robust, sensitive, unobtrusive, inexpensive, and have a strong temporal resolution. EEG
technique satisfies all of these criteria. These criteria are necessary to provide maximum
flexibility without hampering operator performance and track real-time changes in neural
activities in response to physical/cognitive tasks. Furthermore, EEG involves no mandatory
immobilization of the subjects, and data can be collected easily while the subject wears the
lightweight device on his/her head even without laboratory environments.

3

1.3 Isometric Strength
Manual material handling (MMH) is one of the major physical tasks performed at work.
MMH requires the application of muscular strength. According to Mital & Kumar (1998),
muscular strengths can be classified with respect to the nature of effort and application of force.
The two types of strength concerning effort are static and dynamic. Isometric strength is the
static one with a maximum voluntary exertion causing the internal mechanical effect to generate
external force (Caldwell et al., 1974; Chaffin, 1975).

4

CHAPTER 2: LITERATURE REVIEW
Major parts of this chapter were published under the title of Neuroergonomics
Applications of Electroencephalography in Physical Activities: A Systematic Review in Frontiers
in Human Neuroscience journal (see: Rahman, M, Karwowski, W., Fafrowicz, M. and Hancock,
P. 2019. Neuroergonomics Applications of Electroencephalography in Physical Activities: A
Systematic Review. Frontiers in Neuroscience. 13:182 doi: 10.3389/fnhum.2019.00182).
Before performing the study, thorough literature research from various databases has
been conducted. All of the studies include EEG and have been classified into three broad
categories according to the type of activity. Afterward, the rationale of the current study about
the findings from the literature research has been identified.
2.1 Muscular Activity with Less Mobility
The category of low-intensity manual activity consists of gripping and grasping motions,
moving fingers, muscles of the wrist, arm, ankle, knee, and so forth. Of these, 16 studies include
finger movement and isometric/isotonic exertions.
2.1.1 Movement of Fingers
Some of the early studies used both EEG and electromyography (EMG) to investigate the
effects of low-intensity activities on the brain. In a voluntary phasic activity such as flexion and
extension of the index finger, beta synchronization of EEG and EMG was observed for the first
time in a study by Feige, Aertsen, & Kristeva-Feige (2000). Through theoretical and
experimental analysis, later studies demonstrated that a small number of motor neurons are
5

involved in carrying cortical information. Furthermore, EEG-EMG coherence is generated for
this type of finger movement (Negro & Farina, 2011). Synchronization likelihood (SL) is the
largest during the rest period, thus indicating sustained information processing in the brain.
Calmels et al. (2006) have suggested that mirror neurons may be responsible for these
synchronization patterns during observation and then execution of the finger movement task. In
the presence of visual stimuli for fast and repetitive finger movement, the application of a special
algorithm, variation-based sparse cortical current density (VB-SCCD), has demonstrated
spatially distributed cortical sources, owing to the movement-induced potentials (Ding, Ni,
Sweeney, & He, 2011). Furthermore, VB-SCCD has been interpreted to have high-resolution
source reconstruction capability from the study results.
For different types of force levels in an isometric finger movement activity, a broadband
of corticomuscular coherence (CMC), including beta and gamma activities, has been observed
(Chakarov et al., 2009). These are positively correlated with force levels. However, further
findings have shown that the peak beta band (22 Hz) and gamma range CMCs are not
significantly modulated by force levels.
In addition to EEG-EMG coherence, other parameters such as movement-related cortical
potential (MRCP), have been used. While performing an isometric index finger moving task, the
perceived exertion and MRCP amplitudes increase with increases in the rate and level of force,
respectively (Slobounov, Hallett, & Newell, 2004). Interestingly, for the lowest level of force
exerted by the index finger only, the trajectory of force and EEG time series are highly

6

correlated. For the other fingers, there are no significant differences in EEG signals (Slobounov,
Johnston, Chiang, & Ray, 2002).
Moreover, finger-moving tasks designed with different levels of complexity provide
cortical signal information (Blinowska, Kaminski, Kus, & Ginter Jr., 2008). In particular, for a
simple task such as pressing a switch, bursts of EEG signals have been observed in the hand
motor area and frontal cortex. Alternatively, if participants are given a more difficult task, such
as imagining the movement, the sensorimotor areas are more active. The most difficult task
among the investigated studies was the Continuous Attention Test (CAT), in which the index
finger had to be moved according to instructions. In that case, the prefrontal cortex was most
engaged, and the signals were more pronounced when a non-target was present (Blinowska et al.,
2008).
2.1.2 Gripping/Grasping
When the subjects were required to apply 70% of maximum voluntary contraction (MVC)
in an isometric grasping task, the EEG and EMG data indicated that the electrocortical and
movement potentials increased with muscle fatigue (Johnston, Rearick, & Slobounov, 2001).
Furthermore, coherence values decreased with the application of 50% MVC (Abdul-Latif et al.,
2004). Another study with 20% MVC in the isometric gripping task has demonstrated that cortical
activity increases in the preparation phase, peaks during onset, and then decreases (Q Yang et al.,
2011). In addition, there is synchronization among major sensorimotor areas. A recent study has
also shown significant EEG-EMG coherence during active exercise, i.e., grasping movements in
different modes (B. Kim, Kim, Kim, & Yoo, 2017). The findings apply to the rehabilitation of
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stroke patients in verifying the presence of movement intention. Another recent work by Schwarz,
Ofner, Pereira, Sburlea, & Muller-Putz (2018) showed that human MRCPs can significantly
differentiate between reach-and-grasp tasks with regular objects and a no-movement situation.
Furthermore, the study also proved that EEG correlates in the primary motor cortex can detect the
peak performance time which is approximately 800-1200 ms after the onset of movement.
Investigators believe these results will help in neuroprosthetic technology. A comparative study of
EEG task-related power (TRPow) between older and younger adults demonstrated interesting
results of alpha and beta frontal power (Hübner, Godde, & Voelcker-Rehage, 2018). Older
participants showed less alpha frontal power at rest than younger ones. However, during rest
periods, older ones’ beta power was greater than younger participants in multiple regions i.e.
frontal, central and parietal. Overall, the results suggested that older adults need more power in
parietal and occipital areas while performing the grip based force modulation task. The study also
demonstrated the necessity of controlling EEG power at rest to analyze TRPow when there is a
major age gap among participants.
In the case of handgrip tasks, no significant variation in EEG power, amplitude, and MRCP
negative potential (NP) have been reported during the preparation phase, despite a high fatigue
level (Jing Z Liu et al., 2005b). However, a significant decrease in power with fatigue has been
observed in the later sustained contraction phase. A follow-up study by Liu et al. (2007) has
demonstrated that fatigue due to prolonged MVC in the handgrip task does not alter the overall
brain activation level for controlling muscle movement. Estimation of single dipole locations has
revealed the fatigue-induced shift of the brain activation center during a motor task. The shifts
during the fatiguing motor task have been observed towards the right hemisphere and anterior and
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inferior cortical regions. Findings from the study suggest the existence of alternating motor centers
in the brain that compensate during fatigue and retain an optimally descending output. For similar
handgrip tasks, fatigue can be detected based on a decrease in peak alpha frequency (PAF) (Siew
Cheok Ng & Raveendran, 2007). In a later study by S C Ng & Raveendran (2011), a dynamometer
grabbing task was conducted with both hands. Increased theta and beta frequencies in different
cortical regions were observed. An interesting finding during muscle fatigue was the significant
decrease in EEG-EMG coherence in the beta band despite an increase in power (Qi Yang et al.,
2009). However, the study by Jing Z Liu et al. (2005) found a decrease in power with muscle
fatigue. This result may be due to the differences in methodology and equipment used.
Additionally, the order of nonlinear operations such as artifact correction can affect the results of
EEG experiments (Luck, 2014).
The preparation and execution of cued gripping tasks also correlate with beta power
(Zaepffel, Trachel, Kilavik, & Brochier, 2013). An increase in beta power has been observed at
the start of the cue. In contrast, beta power has been found to decrease when participants prepare
and perform the grasping task. While the object is held, there is a transient power increase as well.
The results of beta power modulation are essentially consistent for two different types of forces
and grips.
In addition to EMG, studies have combined EEG and functional magnetic resonance imaging
(fMRI). One such study has proposed EEG-informed fMRI analysis by modeling the changes in
the spectral profile for different types of rhythmic brain activities (Sclocco et al., 2014). In that
study, participants performed a motor-oriented gripping task in both active and resting phases. The
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proposed model was compared with other frequency-based regression models with EEG-fMRI
data. Better results were found regarding the correlations between blood oxygen-level dependent
signal and alpha and beta activity from EEG. This is an interesting observation encouraging similar
studies for other physical activities.
2.1.3 Wrist Exertions
Gamma band activity (GBA) from EEG signals was investigated where the participants
either rested or performed wrist bending tasks (Amo et al., 2016). Gamma index was calculated
by using power spectral density (PSD) for gamma band in motor and basal areas. Interestingly,
the study only considered Cz channel data to avoid strong muscular artifacts. They emphasized
using their proposed gamma index as an indirect parameter to detect the activation of motor
circuits. In the case of isometric wrist exertion, Divekar & John (2013) demonstrated lower peak
beta CMC, peak frequency, EMG beta power, perceived difficulty, and higher MVC and
precision at the time of flexion. Opposite results were found for an extension. However, there
was no significant difference between alpha and beta EEG powers.
In relation to isotonic wrist flexion activity, nonlinear and linear corticomuscular
couplings have been investigated (Y. Yang, Solis-Escalante, van, van, & Schouten, 2016). A
generalized metric called n:m coherence was applied to calculate nonlinear cross-frequency and
linear iso-frequency coupling. Significant differences were reported in linear coupling between
brain areas. A stronger coherence was demonstrated for the primary sensorimotor areas, and
motor association cortices, i.e., supplementary motor area (SMA) and prefrontal area (PFA)
compared to the sensory association area, i.e. posterior parietal cortex (PPC). Moreover, the
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results suggested that corticospinal tracts affect linear corticomuscular coupling. In contrast,
nonlinear coupling was found to be originating from the sensory feedback pathways.
2.1.4 Hand/Arm Movement
EEG signatures due to preparation, planning, and execution were investigated in the case
of arm isometric exertions in presence of visual stimuli (Nasseroleslami, Lakany, & Conway,
2014). The planning phase was reported to correspond with transient event-related
desynchronizations (ERDs). The widest range of frequencies in ERD was observed in the
execution phase. The major finding of this study was the correlation between motor-related
event-related potential (ERP) and ERD or event-related synchronization (ERS) with different
phases of arm movement. The results are comparable to a similar study with the gripping task by
(Q Yang et al., 2011).
Meinel, Castaño-Candamil, Reis, & Tangermann (2016) investigated the
electrophysiological predictors of motor performance in stroke patients. The task required
participants to move their non-dominant hands according to the force trajectories displayed by a
visual system. The study demonstrated that the components were distributed in a frequency
spectrum in which predictive signals were close to the alpha band. Spatial patterns have been
reported concerning visual attention, planning, and execution of motor tasks and subject-specific
predictors for 36% performance fluctuations. These findings pave the way toward future
neuroergonomics investigations in rehabilitating senior workers suffering from stroke or
paralysis. In a recent study, Li, Xue, Wang, & Zhang (2018) used Brain Functional Network
(BFN) and Hierarchical Linear Model (HLM) to decode neurophysiological signals of voluntary
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hand movement. The hand movement was performed in a straight axis and spiral trajectory.
Delta, theta, and gamma1 wavebands from eight electrodes in frontal, central, and temporal
zones were found to be most sensitive from the results.
Wang et al. (2017) investigated EEG signatures for three different force loads on the
forearm in random order until exhaustion. The results demonstrated a smaller alpha power for
1 kg and 3 kg compared with no load conditions. No significant differences were found
between these two load levels. Furthermore, significantly greater alpha power was found when
the participants were tired than under no fatigue conditions.
2.1.5 Lower Limb Movement
Some studies have investigated lower limb muscular activities in addition to upper limb
muscle activities. Beta and gamma coherence have been reported during static and dynamic force
output, respectively (J T Gwin & Ferris, 2012). The participants of this study were engaged in
isometric, isotonic, knee, and ankle exercises. A major finding of the study was the correlation
between active muscular movements with corticospinal activities. Isometric tasks were reported
to be related to beta activity while isotonic tasks were linked with gamma activity in the cortex.
The results also demonstrated a shift from beta to gamma is possible depending on the muscle
dynamics and proprioception. Another study measured the relation between beta coherence and
force steadiness where the participants performed isometric ankle dorsiflexion activities
(Ushiyama, Yamada, Liu, & Ushiba, 2017). The corticomuscular coherence (CMC) was reported
to have positive correlations with beta band EMG signals and force fluctuation capacity.
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2.1.6 Time-dependent Relation
The time-dependent relation between EEG source strength and force levels was
determined for a handgrip task by Low Resolution Electromagnetic Tomography (LORETA) and
functional random effects approach (X.-F. Wang, Yang, Fan, Sun, & Yue, 2009). The timedependent source strength function was reported to be nonlinear and not having any significant
variations according to force levels. Halder et al. (2005) performed a microstate analysis after an
experiment where the participants were engaged in the controlled repetition of a simple gripping
task of squeezing a ball. With the application of the ERP technique, the study demonstrated a
rapid change in cortical activity and distinct patterns at different stages of information processing
(e.g., preparation, execution, and feedback integration) despite having consistency in effort and
performance. In another ERD/ERS study, participants performed repetitive grasping movements
in three different velocities and with four motor loads (Nakayashiki, Saeki, Takata, Hayashi, &
Kondo, 2014). The study reported a significant weakening of time-averaged mu and beta ERD
during the Hold condition. In comparison, there was no significant difference between different
load conditions. The results implied a correlation between a time differentiation of hand postures
in motor planning and ERD strength level. These investigations with a temporal perspective and
their findings may have a significant impact on designing better tasks at the workplace.
2.1.7 Nonlinear Methods of EEG Analysis
Nonlinear methods of EEG data analysis have been reported as well. J Z Liu, Yang, Yao,
Brown, & Yue (2005a) demonstrated that, for the gripping task, fractal dimensions (FDs) of
planning and preparation period do not correlate with handgrip force. However, FDs of moving
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and holding periods showed a positive correlation with handgrip force. In addition, a nonlinear
parameter called Lyapunov exponent (L1) was found to have larger values when the handgrip
force was higher and dropped significantly when the participant was approaching fatigue (B.
Yao, Liu, Brown, Sahgal, & Yue, 2009). Thus, it indicates that L1 has a statistically significant
correlation with muscle force and fatigue which can be utilized as a predictor of motor control
related cortical potentials.
Recently, for a wrist joint manipulation task, the nonlinear approach has been successfully
correlated to cortical signals from a nonparametric viewpoint as well. Vlaar et al. (2018) used
truncated Volterra series to develop the models which reveal high pass filtering related to the high
frequency velocity signals from the muscle spindle to cortex. The models also could depict a 46%
relation between joint manipulation and cortical potentials without any priori assumptions.
Another amazing finding was that these results were found to be consistent among the participants.
2.2 Physical Activity with Cognition
This category of papers includes published studies with participants involved in tasks
requiring both physical and cognitive activities. In some of these studies, the participants
performed both physical and cognitive tasks simultaneously, whereas, in others, the tasks were
performed interchangeably.
2.2.1 Mental/Motor Imaging
In general, familiarity with a task before performing is a possible way to increase efficiency.
Likewise, brain activity reflects the effect of mental practice (MP) on physical activity before task
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execution. Carrillo-De-La-Peña, Galdo-Alvarez, & Lastra-Barreira (2008) recorded ERP when the
participants were either performing or thinking about moving fingers sequentially in response to a
target on the screen. The primary motor cortex was active in both motor imagery (MI) and
execution. Differences were reported in pre-cue and target-induced Lateralized Readiness
Potentials (LRP) with the application of Standardized Low Resolution Tomographies
(sLORETA). The target-induced LRP amplitudes were larger and MI activation was higher.
Similarly, a later ERP study on MP of physical activity suggested that it has a positive impact on
neuronal activities and performance (Allami et al., 2014). The study compared amplitudes and
latencies of ERPs between two groups of participants; one only performing the grasping task and
another with learning the task by MP. The results demonstrated a rapid increase in ERP activity in
the premotor cortex to reach the same amplitude for the group who performed both MP and
physical execution. Furthermore, as discussed previously, the sensorimotor areas of the brain were
more active when the participants imagine a finger movement task according to instructions
(Blinowska et al., 2008). A recent study also showed that motor execution and imagery are
dependent on inputs to the premotor cortex (PMC) and SMA respectively Y. K. Kim, Park, Lee,
Im, & Kim (2018). In addition to that, coupling between PMC and dorsolateral prefrontal cortex
(DLPFC) i.e. DLPFC-PMC was higher when there was a correct imagery response. For incorrect
MI responses, PMC-SMA coupling was more pronounced.
2.2.2 Relation to Fitness
We found studies that investigated the relationship between the fitness of a person with
EEG results, ERP components, cognitive and physical performance. An early ERP study
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analyzed the electrophysiological effects of fitness and maximum aerobic exercise, i.e., cycling
(Magnie et al., 2000). The participants were divided into groups according to fitness level and
given cognitive tasks before and after the exercise. No significant difference was reported in
ERP components of P300 and N400 for different fitness levels. Furthermore, amplitudes for both
components and latency for P300 increased and decreased, respectively. In addition, the results
were applicable when the participants returned to a normal state and were not fatigued due to
exercise. A later experiment demonstrated that cardiorespiratory fitness had a positive impact on
cognitive performance (Themanson & Hillman, 2006). Error-related negativity (ERN)
amplitudes of performing a Flanker task were lower for higher fit adults. However, there was no
such effect on cognitive processes after 40 minutes of acute exercise on a treadmill. Chang, Chu,
Wang, Song, & Wei (2015) investigated senior participants doing acute exercise and Stroop test
according to their fitness condition. They recorded ERD and found that exercise helped improve
cognitive performance in the form of greater alpha ERDs. In contrast, there was no significant
change in lower and upper alpha ERDs corresponding to cognitive performance and fitness.
However, in a later experiment, Chu et al. (2016) demonstrated that cognitive function was
affected by the level of cardiorespiratory fitness, thus confirming the study by Themanson and
Hillman (2006). Furthermore, Hogan et al. (2015) suggested that nonlinear parameters, e.g., EEG
entropy varies with fitness levels which have been discussed in the following section.
2.2.3 Nonlinear Methods of EEG Analysis
Like the previous task category, some studies opted for the nonlinear approach.
Ramanand, Nampoori, & Sreenivasan (2004) conducted a study where participants were engaged
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in three phases of a task when EEG signals were recorded. These are the closed eye phase, the
mental arithmetic phase before and after physical exertion. It was observed that Sample Entropy
(SampEn) values could detect brain regions involved in lower complexity tasks and changes due
to fatigue after physical exertion. As mentioned previously, fitness levels in adolescents were
also found to be related to EEG entropy (Hogan et al., 2015). The task was an acute exercise
with a cycle ergometer and then a computer screen-based cognitive task. There were significant
interactions between fitness levels and exercise concerning reaction time (RT) and error rate
(ER). In the case of the left frontal hemisphere, the participants with higher fitness levels had
lower entropy after stimulus compared to the ones with lower fitness. However, while
considering the right hemisphere there was no significant difference between fitness groups. It is
unclear whether these results are replicable for other age groups.
2.2.4 ERP Components and Mu Activity
P3 or P300 component of ERP is known to be involved in updating the context and
working memory (Donchin & Coles, 1988). Hillman, Snook, & Jerome (2003) observed a larger
increase of P3 amplitudes after acute cardiovascular exercise than after baseline condition. The
exercise session consisted of a treadmill exercise and then an Eriksen Flankers task. For the
baseline session, the flanker's task was at first, and then a graded maximal exercise was
performed afterward. Similar findings, i.e., higher P300 amplitudes in cognitively demanding
Stroop tasks were reported after indoor football or treadmill exercise than rest period (Won,
Wu, Ji, Smith, & Park, 2017). Moreover, highly trained athletes performed prolonged cognitive
and control activities and then a complete endurance exercise of cycling in a study (Van Cutsem
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et al., 2017). Interestingly, the mild fatigue from the cognitive task did not affect the
physiological and perceptual measures. EEG results demonstrated increases in theta, alpha, P3b
latency and decrease in P3b amplitudes which are the indicators of high cognitive demand of the
task.
EEG-EMG co-registration method was applied by De Tommaso et al. (2015) when the
participants performed sitting, standing, walking, and P300 oddball paradigm while standing and
walking. The amplitude of P300 increased when there was physical activity. An alpha rhythm
was found to be reduced in spectral width when there is a cognitive task while standing. In
comparison, the alpha rhythm disappeared when there is a movement without any cognitive
activity. Additionally, mu-ERDs were found in 60% of the steps taken. Nevertheless, another
study demonstrated a different result, i.e., the P3 component did not increase when there was
physical activity (Killane, Browett, & Reilly, 2013). In this experiment, there were four
segments, i.e. control, static, bicycle, and treadmill along with an auditory oddball task. In all
four cases, P3 peak amplitude and latency did not report any significant variation. A more recent
study demonstrated that planning and executing either virtual or real movement tasks (e.g.,
finger) in response to visual stimuli have similar phase-locked mu responses (Llanos, Rodriguez,
Rodriguez-Sabate, Morales, & Sabate, 2013). The study reported similar results in three different
cortical zones. A short-lasting, but wider mu response was observed when the task was planned
or executed virtually or in real life. However, the responses were not that strong when the
stimulus was passively observed.
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P1 is another major ERP component that has the sensitivity to the variations in stimulus
parameters and largest in the occipital region (Luck, 2014). An interesting finding is when the
participants are involved in high-intensity exercise. Target detection is faster than in rest and
low-intensity exercise (Bullock, Cecotti, & Giesbrecht, 2015). The mean amplitude of the
parieto-occipital P1 component was reported to be larger during low-intensity exercise compared
to the resting phase. However, during low-intensity exercise, the P1 component increased
significantly compared to rest and high-intensity exercise. In addition, the peak latency of the
parietal P3a component decreased as a function of low and high-intensity exercise. A more
recent finding by Ligeza, Maciejczyk, Kałamała, Szygula, & Wyczesany (2018) consisted of a
larger N2 component and better conflict resolution of a flanker task after moderate-intensity
cycling. It adds a new finding to the literature that a stronger inhibition is possible after
moderate-intensity exercise.
Despite most of the studies being centered on exercise and simple physical activity, some
of them investigated workplace jobs e.g. box-sorting along with a cognitive task (Wascher,
Heppner, & Hoffmann, 2014). The major findings of this study include a reduction in the
posterior P3 component during a physical task. Furthermore, fronto-central N2 component and
theta activity were increased when the participants were solving the Sudoku puzzle, i.e. the
cognitive task. Later, Wascher et al. (2016) altered the design of the study by replacing the
Sudoku riddle with two types of cognitive tasks, i.e. monotonous and self-paced. Increased
error rates and alpha activity was reported in case of monotonous cognitive task in younger
participants depicting mental fatigue. In comparison, inefficient information processing was
observed for older subjects in the form of varying EEG signals time-locked to blinking.
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2.2.5 Contingent Negative Variation
Contingent negative variation (CNV) is an ERP component which is a large negative
peak deflection when the person is expecting a target stimulus (Luck, 2014). Lang’s
bioinformational theory with three groups of participants combining the ones who had to
perform the tasks both physically and mentally (Lang, 1979; Smith & Collins, 2004). The first
study included maximum voluntary contraction (MVC) of the hand muscles and the second one
was MP of a virtual task of knocking down a barrier with cognitive challenges. From the first
study, late CNV waves were observed for all participants. However, for the second study, late
CNV was not found for the group who were stimulus trained. The study results supported Lang’s
theory for cognitively-oriented motor tasks only.
2.2.6 Independent Component Analysis
According to Hyvärinen & Oja (2000), “Independent component analysis (ICA) is a very
general-purpose statistical technique in which observed random data are linearly transformed
into components that are maximally independent of each other, and simultaneously have
interesting distributions.” A few studies used ICA to correct artifacts from EEG signals. In a
Mobile Brain-Body Imaging (MOBI) feasibility study, the participants stood or walked on a
treadmill at different speeds with simultaneous visual oddball response tasks on a monitor
(Gramann, Gwin, Bigdely-Shamlo, Ferris, & Makeig, 2010). Most of the EEG artifacts due to
the frequent head and body movement were removed by using the Independent Component
Analysis (ICA) and spatial filtering. However, large artifacts due to jogging were difficult to
remove. To minimize the overall artifacts, the use of a wireless dry electrode-based EEG device
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was suggested. In another study, the subjects had to press a button or physically point to a
moving target in an oddball visual paradigm (Jungnickel & Gramann, 2016). The contribution of
the brain and non-brain sources to the sensor signal was determined by ICA. The non-brain
sources were mostly muscle activity, eye movement, and very fast arm movement with strong
jerks.
2.2.7 Neurofeedback/Visual Feedback
Neurofeedback helps to get control over the electrophysiological processes for the people
who are trained in it (Demos, 2005). Mikicin & Kowalczyk (2015) demonstrated reduced beta
amplitudes along with a reduction in reaction time (RT) in the attention-reaction test and
Kraepelin test after twenty neurofeedback sessions. The participants performed the Kraepelin
curve test, attention-reaction computer test, and neurofeedback-EEG training session while
performing the submaximal exercise. The reduction in the amplitudes of beta activity was
reported to be effective in improving attention task performance. The study supported that
neurofeedback-EEG training in motion can be an effective method for improving work
performance and attention. When traction exercise is performed with visual feedback, a cyclic
nature in theta frequency was demonstrated by De Hillerin et al. (2015). The participants in this
study were engaged in a series of mental and physical exercises along with a relaxation phase.
Different phases demonstrated different types of cortical activity along with the evolution of
theta, alpha, and beta frequencies.
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2.2.8 Response to Different Cues and Distraction
Investigations have been conducted regarding neural responses when there is a change in
cues or the presence of distractor stimuli. Pellegrino, Tomasevic, Herz, Larsen, & Siebner (2018)
demonstrated an increase in theta activity in the dorsal premotor cortex when incongruent trials
are requiring a re-evaluation of the pre-cued action plan. Here the cues were geometric-shaped
button which had to be pressed with participant’s index finger. Source reconstruction analysis
also found active SMA, premotor area (PMA), and posterior parietal cortex (PPC).
Bigliassi, Karageorghis, Nowicky, Wright, & Orgs (2018) demonstrated that auditory
stimuli i.e. music may work as a distractor when there is a cognitive-motor task of high demand.
In this case, the task was isometric dorsiflexion where the participants had to monitor the length
and intensity of the contraction. The results found active right and central parietal regions of the
brain after the auditory stimulus was initiated (around 0.368 s). Again from source reconstruction
analysis, this may refer to the brain’s inhibitory signals towards the processing of task-irrelevant
stimuli i.e. auditory distraction.
2.2.9 EEG Activities, CMC and Power Spectra
A study by Mierau et al. (2009) divided the participants into three groups based on the
task to be performed, including running group (RG), tracking group (TG), and running followed
by tracking (RTG). Smaller tracking errors indicated better task adaptation in RTG than TG.
Furthermore, EEG recording after tracking demonstrated increased alpha and beta power in TG
as subjects were cognitively aroused. There were no incremental alpha and beta activities in
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RTG indicating a relaxed and somewhat inactive state of the brain. In addition, as there was no
change in spectral power in RG, the observed difference between TG and RTG was not due to
physical recovery. Rather it was due to cortical efficiency and exercise-induced capability of
selective central processing according to actual task requirement. Another study engaged the
participants in motor-oriented and cognitive tasks in different blocks between which they had
to perform an active leg resistance task (Hoppe, 2013). After the exercise, there was a decrease
in EEG oscillations and beta corticomuscular coherence. Other major findings include a
significantly negative correlation between beta coherence and EMG variation coefficient,
greater perceived exertion, and physiological stress after the assigned leg exercise.
Additionally, mental fatigue from previously performed rapid visual processing (RVP) test was
demonstrated by increased theta power after 20 km cycling (Pires et al., 2018). Different PFC
activation for RVP and cycling deteriorated performance and an increase in RPE were also the
indicators of mental fatigue.
Recently, a study applied the Inverted Encoding Model (IEM) to extract feature-selective
response profiles from the EEG data (Bullock, Elliott, Serences, & Giesbrecht, 2017). The task
was to complete an orientation discrimination task while working with an exercise bike. An
interesting finding of this study was that low-intensity cycling corresponded to the highest gain
in response profiles. The overall findings support the proposition that the human visual cortex is
more sensitive when there is an active movement.
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2.3 Miscellaneous Physical Activities
This category of the reviewed papers included a wide variety of tasks used in the studies,
from walking, running, cycling, and swimming to shooting under cardiovascular loads and other
physical exercises. However, walking and cycling are two of the most studied physical activities.
2.3.1 Effect on EEG/ERP Signals and Brain Area
Bailey, Hall, Folger, and Miller (2008) have demonstrated a significant increase in all
major frequency bands of EEG after a gradually intensified cycling exercise. This phenomenon
is roughly stable across all electrodes and shows no significant difference between the
hemispheres. A recent study has shown that, in addition to cycling, moderate-intensity running
significantly increases the amplitudes of theta, alpha, and beta activities (Choktanomsup,
Charoenwat, & Sittiprapaporn, 2017). However, the study results also showed a decrease in
alpha activity and overall spectral power in the brain when the participants were involved in a
task requiring high aerobic demand (Ludyga, Gronwald, & Hottenrott, 2016). In particular, this
phenomenon was more pronounced when pedaling frequencies were high. This finding supports
those from previous studies, e.g., Liu et al. (2007), regarding the ability of the brain to adapt and
compensate at the time of high-intensity cycling, i.e., high muscular activation, which ultimately
improves endurance performance. Ftaiti, Kacem, Jaidane, Tabka, & Dogui (2010) have
investigated the changes in the alpha to beta activity ratio during prolonged and high-intensity
cycling. They have reported that the ratio changed more when the participants were working in a
hot environment than when the exercise intensity and temperature were lower. Spring,
Bourdillon, & Barral (2018) conducted an EEG microstate analysis of endurance-trained
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participants who performed two types of biking. Microstates were determined based on four
conventional map topographies (Koenig et al., 2002). The stability and duration of a particular
microstate C increased during the rest state before and after the exercise. Furthermore, the
correlation between the increase in C means duration and the decrease in maximal voluntary
force indicated that the resting state motor cortex activity was associated with the motor output.
Human gait pattern is another complex concept in which the brain plays a major role. For
example, at the moment when there is a change in direction between flexion and extension, the
cortical capacity is highest (Wieser et al., 2010). Other major findings include a reduction in
alpha and beta frequency over the electrodes of leg motor regions. In addition, more suppressed
mu and beta ERDs have been found when there is a change in movement, such as upright
walking (Seeber, Scherer, Wagner, Solis-Escalante, & Müller-Putz, 2014). A dynamic low
gamma amplitude modulation represents the gait cycle phase. Because the ERD and gait phase
modulation center frequencies differed, their origins have been deemed separate rhythmic
activities. A significant difference in cortical activities has been reported between normal and
stabilized walking (Bruijn, Van Dieën, & Daffertshofer, 2015). The difference is observed in
only the left premotor area. The study has demonstrated higher beta power indicating an active
cortex during steady gait. Peterson & Ferris (2018) demonstrated active occipito-parietal and
sensorimotor areas for two types of perturbations i.e. visual and physical pull respectively. The
task was standing and walking in this case. During the initial phase of these modifications, a
theta synchronization and alpha-beta desynchronization were also found from the EEG signals.
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Lifting is one of the major manual material handling activities in industries. A study has
been designed including two EEG analyses, time-frequency analysis, and ERP when the
participants engaged in a bimanual lifting task (Barlaam et al., 2011). Similar to the findings of
the other study with walking, there was a decrease in the mu power of motor cortices before the
onset of the stimulus. Furthermore, in the ERP results, the left and right motor cortices
demonstrated negative and positive waves, respectively. These results were interpreted as
indicating that the negative wave was due to the upcoming lift, whereas the positive wave was
due to the inhibitory command to the forearm. In a light assembly task with low and high loads,
the mean alpha power values indicate the level of load (Zadry, Dawal, & Taha, 2010). The mean
alpha power in the frontal and parietal (Fz and Pz) regions is greater for a higher load. However,
the values are higher in occipital channels (O1 and O2) for a lower load. These findings reflected
physical and mental fatigue in the tasks in which the participants handled higher loads. Recently,
for the first time, a study was conducted by recording EEG signals during bench press weight
training (Engchuan, Wongsuphasawat, & Sittiprapaporn, 2017). A significant increase in beta
and gamma amplitudes was observed at the time of intense exercise, results comparable to the
findings of Zadry et al. (2010).
Motor-related neural activities at the time of manual tool handling and learning process
have been investigated by Mizelle, Tang, Pirouz, & Wheaton (2011). The subjects were exposed
to direct (physical practice) and indirect (video-based observation) with both familiar and
unfamiliar tools. For direct exposure, the unfamiliar tool pantomime involved greater activation
in the parietofrontal areas of both hemispheres in the brain. In contrast, the left parietofrontal and
right temporoparieto-occipital zones were more active for familiar and unfamiliar tools
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respectively. These crucial findings may help design a better user-task interface consisting of
manual material handling. Another study on learning to putt for teaching showed better posttest
performance than another group (Daou, Lohse, & Miller, 2018). EEG signals during the onset of
the putt reflected reduced action monitoring, use of working memory, and enhanced motor
programming. These were translated from a linear reduction of frontal midline theta and upper
alpha power. Other results include increased frontal midline theta but decreased upper alpha
power in both left and right areas during the periods of practice compared to pretest.
2.3.2 Effect on Fatigue, Emotion, and Perception
There have been many investigations regarding the effects of physical activity on
physical or mental fatigue, emotional perception, mood, rate of perceived exertion (RPE), and
brain signatures. An early study has reported that perceived exertion correlates more with EEG
than EMG after cycling in a hot environment (Nybo & Nielsen, 2001). Another study has
demonstrated that hyperthermia due to cycling exercise may slow down EEG signals, increase
RPE, and decrease cerebral perfusion (Rasmussen, Stie, Nybo, & Nielsen, 2004). Moreover,
EEG changes cannot be causally linked with the decrease in cerebral perfusion, because
manipulation of the latter does not affect the EEG changes or RPE. It has been suggested that
fatigue due to increased brain and core temperatures may be a reason for EEG changes.
Recently, an investigation by Périard, De Pauw, Zanow, & Racinais (2018) also demonstrated
that alpha and beta activities in frontal and central areas decrease when the participants cycled in
a hot environment. In the case of hypoxia, alpha activity in these regions was lower than Control.
However, the beta was not much different compared to Control and higher than hot conditions.
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Here, these changes in the frontal and central areas of the brain help meeting the challenge of
attention management and arousal in a stressed environment.
While studying physically demanding tasks, researchers have investigated the perception
of loads and exertion levels. The perceived exertion tends to decline when participants perform
low to medium-intensity exercise in a cycle ergometer while listening to music (Bigliassi,
Karageorghis, Wright, Orgs, & Nowicky, 2017). Listening to an audiobook increases alpha
activity in the central zones, owing to semantic and perceptual processing. However, the results
related to music indicate decreased focal awareness, halted alpha resynchronization, and more
optimized motor control.
In addition to those to auditory stimuli, the responses to three kinds of emotional stimuli
after cycling exercise have been investigated by Crabbe, Smith, & Dishman (2007). Spontaneous
EEG activities were recorded, and the responses were measured by self-reported valence,
arousal, and the hemispheric EEG asymmetry of frontal and parietal regions. Participants were
less aroused by unpleasant stimuli after cycling compared with rest conditions. Dishman, Thom,
Puetz, O’Connor, & Clementz (2010) included participants who reported persistent fatigue and
investigated the relation between mood changes and EEG signatures after participants exercised
with different intensities. Brief and positive mood changes were observed in weeks 1, 3, and 6
after low and moderate-intensity cycling. In weeks 3 and 6, there was less fatigue among
participants. Approximately 50% of the effects on mood and vigor corresponded to changes in
theta activity in the parietal-occipital regions of the brain. Furthermore, alpha activity increased
after low-intensity exercise along with minimal changes in feelings of fatigue. The study
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emphasizes the need for future investigations on the causal relationship between post-exercise
EEG activity and mood changes.
The change in neural connection due to fatigue after cycling was first investigated by
Hilty, Langer, Pascual‐Marqui, Boutellier, & Lutz (2011). A significant increase in lagged phase
synchronization between the mid/anterior insular and motor cortex was observed at the end of
cycling. Tuncel, Dizibuyuk, & Kiymik (2010) investigated physical fatigue during manual
weight lifting by applying time-frequency coherence analysis. The study consisted of three
stages of fatigue and demonstrated a significant decrease in coherence at the last stage compared
with the other two time-frequency domains.
Moraes et al. (2011) assessed the changes in EEG power and mood after cycling in two
different age groups. In younger participants compared with older participants, a significant
improvement in mood (vigor and anger) and changes in alpha and beta activities were observed.
The total mood disturbance improved for both age groups. Moreover, a positive correlation was
reported between frontal alpha asymmetry and mood disturbance in older participants. The
correlation was negative in the younger participants. For young female participants, greater
frontal left activation and a robust change in frontal alpha asymmetry were observed after acute
exercise than after rest (Woo, Kim, Kim, Petruzzello, & Hatfield, 2010). The findings also
indicated similar affective responses at the time of recovery after participants performed steadystate aerobic exercise of different intensities. Another study has been conducted on adolescent
participants and has demonstrated different affective responses after participants exercised with
different intensities (M. Schneider, Graham, Grant, King, & Cooper, 2009). When the
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participants primarily performed moderate cycling without being informed of the intensity of the
task beforehand, frontal cortical asymmetry correlated with affective response. Also, the
affective response was more positive for left-handed participants than right-handed ones. In
contrast, when they expected a high-intensity task but asked otherwise, there was no difference
in affective responses of left and right dominant participants. Moreover, no significant
correlation between frontal asymmetry and the affective response was observed in this case. Due
to the absence of difference when there is an expectation of extreme physical tasks, it can be
interpreted that the influencing mechanism of cortical asymmetry on affective response is more
applicable for cognition than physical activity.
The cortical activity also indicates exercise preference (S. Schneider, Bruemmer, Abel,
Askew, & Strueder, 2009). Here the participants were involved in three types of exercise, i.e.,
treadmill, bike, and arm crank ergometry, and they had a preference for running. An increase in
frontal alpha activity was observed after treadmill exercise only. Because frontal alpha activity
has an inverse connection to cerebral activity, it was assumed to be linked with preference. The
study demonstrated an increased alpha activity in the parietal region after biking and increased
beta activity in the Broadmann area after all three exercises.
Task duration has also been reported to be a factor because separate patterns of cortical
activities have been observed after approximately 15 and 30 minutes of exercise. Schneider et al.
(2009) conducted an experiment in which the participants ran on a treadmill at three different
intensities: low, preferred, and high. The results suggested that both EEG activity and mood are
affected by preferred and high-velocity exercise. The study also demonstrated correlations
30

among perceived physical and motivational states, psychological strain, and alpha and beta brain
activities. Other studies have focused on the affective responses of treadmill exercise at three
different intensities of ventilator threshold (VT) (Hall, Ekkekakis, & Petruzzello, 2010). A
significant resting mid-frontal EEG asymmetry has been demonstrated to predict affective state
(i.e., energetic and tense arousal) at below-VT intensity level. Similar results have been
observed in the above-VT condition. In particular, the study had an opposite finding from its
hypothesis, i.e., when there is an increase in relative left frontal activity in the brain, energetic
arousal is lower.
Along with EEG, other studies have measured feeling scale, felt arousal scale, RPE, and
heart rate before, during, and after each type of exercise (Lattari et al., 2016). The results
demonstrated greater values of heart rate and RPE for prescribed exercise (PE) and self-selected
(SS) conditions than for controls. From the perspective of the feeling scale, these values were
higher for SS than PE and controls. For the other scale, i.e., the felt arousal scale, both PE and SS
showed higher values than the controls. However, in contrast to the other studies, the study found
no changes in frontal alpha asymmetry for both exercise types, even though SS provided better
affective responses. Moreover, there was no interaction between condition and moment for
frontal alpha asymmetry (FAA). Other studies have investigated how FAA can be linked to
emotional states. More recently, Hicks, Hall, Staines, & McIlroy (2018) conducted a study to
investigate whether FAA is causally related to cardiovascular demands or the movement
required for a certain task. The study included two types of physical activities along with a
control group. The results support those from previous studies by showing an approximately
20-minute delay in increasing FAA. However, the significant increase in FAA was observed in
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aerobic exercise only, which requires a cardiovascular load. In contrast, there was no
significant change in FAA after the task of bilateral movement, thus not supporting the
hypothesis. Finally, the study concluded that the tasks requiring a substantial cardiovascular
load could cause an increase in FAA and eventually the motivation level. However, to answer
the question of Hicks et al. (2018) as to why there was no change in FAA after SS, further
investigations are required.
Vogt, Abeln, Strueder, & Schneider (2014) investigated case-specific effects such as
artificial gravity (AG) and physical exercise on the brain and have found that AG may cause
neurocognitive deconditioning. Frontal alpha and beta activity decreased after cycling. However,
when the participants were under AG, there was an increase in these activities, thus indicating
the brain to be less relaxed than after exercise. The cognitive and mood performance was also
better after exercise than AG. The neurophysiological mechanism of these positive effects on
cognitive performance has been investigated by Gutmann et al. (2015). The study focused on
how the individual resting state EEG alpha peak frequency (iAPF) correlates with cognitive
performance. The results demonstrated that iAPF increases significantly after exhaustive
exercise but is not the same in steady-state exercise. The follow-up study proved iAPF to be
short-lasting i.e. around 30 minutes after the end of graded cycling exercise (B Gutmann et al.,
2018). When the exercise caused 85-90% of maximum heart rate (HRmax), iAPF lasted for 20
minutes.
In isometric squats, only body weight is used, and no other instrument is needed. Several
studies have investigated EEG signals with participants performing squats. One such study has
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included highly trained participants performing isometric squats. Compensatory cortical
activity in motor regions was observed in the form of global field power after high-intensity
isometric squats within 24 hours (Dunn-Lewis et al., 2011). A subsequent study demonstrated
changes in MRCP in participants performing squats of different intensities (Comstock et al.,
2011). The changes were recorded in the prefrontal, central, posterior parietal, and occipital
regions. The generation of unique topographical maps has depicted MRCP for different types
of resistance exercise, i.e., squats performed. In another study, Flanagan et al. (2012) divided
participants into three groups according to the rate, magnitude, or volume of force in a squat
type resistance exercise. The type or protocol of the task caused a fatiguing RPE and was
associated with increases in cortical activity. Furthermore, the volume phase of the task
showed the largest amount of increase in cortical, motor, and sensory activities.
Beyond typical physical exercise, studies have investigated sports such as shooting and
traditional meditation practices such as qigong. In biathlete shooters, heart rate and RPE increase
under cardiovascular load (Gallicchio, Finkenzeller, Sattlecker, Lindinger, & Hoedlmoser,
2016). From EEG power spectral analysis, a decrease in pre-shooting frontal-midline theta power
and an increase in temporal and occipital alpha power have been observed. A higher accuracy
has been reported in the presence of a higher frontal-midline theta, lower left-central alpha, and
higher left-temporal alpha power. Greater inhibition of movement-irrelevant regions (temporal,
occipital) and activation of movement-related regions (central) indicate that greater neural
efficiency is beneficial to shooting performance despite physical loads. EEG activities have also
been investigated by Henz & Schoellhorn (2017), in participants engaged in physical and MP
of the stress-relieving physical exercise called qigong. There was an increase in the alpha and
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theta activities in the posterior and fronto-central areas. Interestingly, similar effects were
observed in the MPs. In both of the studies, a common observation was an increase in alpha
band activity, which has been reported in other studies as well.
2.3.3 EMG and ECG
Along with EEG, other psychophysiological recording methods such as EMG and
electrocardiography (ECG) have been used to investigate human performance. De Morree, Klein,
& Marcora (2012) made participants lift weights of different intensities and recorded data with
both EEG and EMG. This study found that perceptions of effort correlate with MRCP
amplitudes at central motor command regions (Cz). Another study compared the brain EEG and
EMG data of healthy participants during walking and cycling (Storzer et al., 2016). The findings
indicated that cycling and walking have different degrees of cortical activation. The EMG data
showed a cyclic power modulation within the range of 24–40 Hz for both tasks. In the EEG data,
biking was associated with stronger and sustained cortical activation, a beta power decrease at
the time of movement execution, and less cortical motor control at the time of the movement
cycle. However, walking was associated with a stronger and sustained power decrease in the
alpha band. Furthermore, in multi-terrain gait analysis and EEG-EMG coherence analysis, EEG
activity precedes the EMG activity in the low gamma band in the phases of swing and stance for
ground-level walking and ramp ascent, respectively (Winslow, Brantley, Zhu, Contreras Vidal,
& Huang, 2016). For the strength training (ST) participants, the suppression in the cortical
frequency band of 21–31 Hz increased with the force level (Dal Maso, Longcamp, &
Amarantini, 2012). In addition, less activation of the antagonist's muscles was observed in ST
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participants than endurance discipline participants, based on EMG signals. The study was the
first to demonstrate central adaptations associated with cortical oscillations in an ST task. In a
more recent study, Dal Maso, Desormeau, Boudrias, & Roig (2018) demonstrated that memory
of a motor skill improves after a single bout of intense exercise like cycling. The results included
a reduction in beta ERD over left sensorimotor areas, an increase in alpha and beta functional
connectivity over left and right sensorimotor areas, increase in CMC in few electrodes. However,
there was no correlation found between CMC and motor skill retention measures. Simultaneous
recording of EEG and EMG signals has also been conducted when the participants were
engaged in isometric and dynamic exercises (L. Zhang, Zhou, & Song, 2011). In regular
exercisers, MVC, RMS, and EMG parameters are higher than in people who scarcely exercise.
The authors suggest that motor neurons of regular exercisers mobilize faster.
Lin, Jao, Wang, & Wu (2017) compared the recorded ECG and EEG patterns and
investigated how an increase in the average-to-maximal heart rate ratio (AMHRR) affects brain
activity during continuous cycling. Two parameters, EEG spectral power and fuzzy entropy
(FuzzyEn) demonstrated similar increasing patterns with AMHRR at all electrodes. However, a
significant correlation of FuzzyEn with AMHRR was reported in only the alpha, beta, and theta
bands. FuzzyEn also demonstrated high feature selection specificity and effective detection of
changes in EEG patterns during exercise. In conclusion, the authors suggested that FuzzyEn can
be used to study other physical activities to investigate whether the same characteristics are
maintained.
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2.3.4 EEG Artifact Management
Correcting or removing artifacts is a major step in EEG data processing. Some
investigations focused on this aspect of EEG. One study collected data from EEG electrodes and
an accelerometer simultaneously during treadmill walking (Castermans, Duvinage, Cheron, &
Dutoit, 2014). Maximum motion artifacts up to 15 Hz were reported, including the stepping
frequency of the participants. This finding raises questions regarding the previous investigations,
e.g., Presacco, Goodman, Forrester, & Contreras-Vidal (2011) reported a fundamental stepping
frequency of approximately 1 Hz by using a bandpass filter only. Furthermore, time-frequency
analysis has demonstrated similar and broad (up to 150 Hz) rhythmic activities for both EEG and
accelerometers. In addition, the findings of Gwin, Gramann, Makeig, & Ferris (2011) reported
intra stride high gamma activity via event-related spectral perturbation (ERSP) analysis and ICA
only as a data cleaning tool. The authors have concluded that this procedure is a thorough and
robust data cleaning method to study cortical activities of human locomotion (Castermans et al.,
2014).
Snyder, Kline, Huang, & Ferris (2015) developed a method to separate artifact signals
when a person is in a mobile condition. The study engaged participants in treadmill walking.
Three components were placed on the head as part of the EEG system. These were an insulating
silicone swim cap, a simulated scalp with similar electrical characteristics to those of the real
scalp, and finally the EEG device. Application of ICA and dipole fitting (DIPFIT) contributed to
localizing 99% of the independent components in signals from non-neural locations. By studying
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topographical maps, power spectra, time courses, and ERSPs, the other 1% of the sources were
found to be non-neural and to have low residual variances.
2.4 EEG Studies with Comfort
Many studies investigated EEG-based neural signatures of visual, thermal, wear comfort,
car ride comfort, etc. Frey, Appriou, Lotte, & Hachet (2016) showed that visual comfort for
stereoscopic images is influenced by the alteration of event-related potentials (ERP) amplitudes
or EEG power. When there is a lack of stereoscopic comfort, a weak negative component, a
delay in positive component, as well as low alpha and high theta and beta power, were observed.
In a more recent experiment Lu et al. (2020), demonstrated that the relative visual evoked
potential from EEG data was significantly affected by the level of illumination depicting a better
visual comfort when the light level was brighter. The color temperature of the light source also
affects comfort level during and after physical activity (Shi, Katsuura, Shimomura, & Iwanaga,
2009). They reported that physical activity in 5000K was perceived as more comfortable with a
high level of alpha attenuation coefficient. However, after the exercise, a lower light temperature
of 3000K was perceived as more comfortable.
The analysis of EEG responses was found to be an objective and reliable method for the
evaluation of thermal comfort. Ye Yao, Lian, Liu, & Shen (2008) demonstrated that thermal
comfort was related to an increase in delta and theta power, whereas discomfort correlated with
an increase in beta power Alpha power was more dominant when thermal sensations were
neutral and cool. Similarly, Y. Yao et al. (2009) reported a higher delta power in neutral comfort,
a peak in alpha power for high thermal comfort, higher beta power for low thermal comfort, and
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no correlation with theta power. A recent study by Shin, Lee, & Cho (2021) also reported an
increase in theta and alpha, a decrease in beta, and the presence of sensorimotor rhythm when
there was a cooling indoor sitting arrangement to ensure better thermal comfort. In addition,
Masayoshi et al. (2000) conducted chaos analysis of EEG data with thermal comfort. The
correlation dimension of thermal comfort by wearing clothes in cold weather was higher than
thermal discomfort without clothes. Thermal comfort of sleep was also measured using changes
in EEG signals due to changes in ambient temperature (Lan, Pan, Lian, Huang, & Lin, 2014).
A study by Y. Liu & Chen (2015) revealed that the pressure of a clothing girdle increased
somatosensory activity in frontal, parietal, and occipital regions of the brain. Furthermore, it was
observed that under high clothing pressure conditions (and hence low comfort), the observed
levels of alpha power were low. Jeong & Kim (2009) also found a higher alpha power and higher
alpha to beta ratio for specially designed outdoor clothing designed to ensure wear comfort than
regular cotton fabric. Furthermore, Fukai et al. (2009) reported a correlation between EEG and
subjective evaluation features of car riding comfort.
2.5 Research Gap and Rationale of the Study
We found that a majority of the investigations in current literature concern isometric
exertions of upper and lower limbs, and physical exercise like cycling, treadmill walking, etc. In
addition, there is no EEG-based study with a focus on physical comfort and its perception. The
number of studies in each type of physical task is demonstrated in Figure 1. A comprehensive
summary of the studies with different types of physical activities is also shown in Figure 2.
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It is an observation that exertions related to MMH and physical comfort are relatively
under-investigated with EEG being used as an objective measure. To the best of our knowledge,
there is no published study investigating the EEG signatures and physical exertion, comfort, and
their perception in isometric force exertion.
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Figure 1: Cumulative number of studies for each category of physical activity

In the scientific world, there is a significant data gap concerning females (Perez, 2019).
We observed that only 3 out of 114 studies focused on female subjects. However, around 50% of
the studies included both genders as participants (Figure 3) and most of those do not compare
male-female results. It is evident although women constitute a major portion of the global
workforce, there are not enough investigations focusing solely on females. Additionally, women
have unique needs, responsibilities, and situations which are required to be addressed for
maximizing efficiency and minimizing workplace injury. Likewise, Gjerdingen, McGovern,
Bekker, Lundberg, & Willemsen (2001) studied working women of the USA, Netherlands, and
39

Sweden and recommended more female-based research to ensure their wellbeing and prevent
adverse effects at work and everyday life.
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Figure 2: A comprehensive summary of the findings from the studies with physical activities

There is also a significant difference in strength between the two genders (Maughan,
Harmon, Leiper, Sale, & Delman, 1986). In addition, several studies prove the difference in
perception and judgment between males and females (Bente, Feist, & Elder, 1996; Block,
Hancock, & Zakay, 2000; Hancock & Hancock, 2014; Hancock, Vercruyssen, & Rodenburg,
1992; Karwowski, 1991; Kidwell, Stevens, & Bethke, 1987; Wright & Saylor, 1991). There are
differences in the male and female brain while considering various factors including aging,
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functionality, hormone response, wiring, and so on (Mosconi, 2020). Furthermore, a recent study
showed it is possible to detect sex from the difference in brain rhythms (Van Putten, Olbrich, &
Arns, 2018). To the best of our knowledge, no study has been dedicated to investigating the
female perception of force exertion, comfort, and corresponding EEG signatures during an
isometric exertion task.

F, 2, 63%
M, 38,6%

M/F, 46,5%

F

M

M/F

Figure 3: Pie chart showing the percentage of gender distribution as participants in literature

Based on the findings from the literature, major research questions are formed as follows.


What are the EEG signatures associated with isometric arm force exertion for
females?



What are the EEG signatures of physical comfort?



Is there any association between EEG signatures and the rate of perceived
exertion (RPE)?



Is there any association between EEG signatures and the rate of perceived
physical comfort (RPPC)?
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CHAPTER 3: EXPERIMENT I EEG SIGNATURES AT DIFFERENT
LEVELS OF PHYSICAL EXERTION
3.1 Introduction
As a major factor causing work-related musculoskeletal disorders, force exertion is a
widely studied phenomenon among investigations of human factors and ergonomics (Bao,
Spielholz, Howard, & Silverstein, 2009; Bernard & Putz-Anderson, 1997). Robertson & Noble
(1997) defined the human perception of exertion as the subjective intensity of effort, strain,
and/or fatigue during physical activity. Cognitive psychologists consider physical, social,
interpersonal, and self-perceptual factors to affect the perception of exertion (Rejeski, 1981).
Borg’s scale (Appendix A) is a psychophysical method for measuring the perception of
exertion. This scale is frequently used to interpret and observe the intensity of exercise (G. Borg,
1990; G. A. Borg, 1982). Other psychophysical scales include the ratio scale, category scale,
rating scale, and acceptability scale (Gamberale, 1985). Several other methods have been used to
quantify force exertion. Direct methods for measuring force exertion include direct gauge
measurements, work simulated via instrumented handles, and electromyography (EMG) (Cook,
Rosecrance, Zimmermann, Gerleman, & Ludewig, 1998; McGorry, Dempsey, & Casey, 2004).
Indirect methods include force-matching, Latko’s rating scale used by trained observers of task
performance, and Borg’s rating scale for self-reporting (Bao & Silverstein, 2005; G. Borg, 1990;
Casey, McGorry, & Dempsey, 2002; Latko, 1998).
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Karwowski et al. (1999) argued that apart from traditional approaches, the perception of
physically demanding tasks should be investigated with a consideration of cognitive aspects. In
addition, voluntary control of muscle movements and motor activities is a crucial function of the
brain. Hence, current investigations focus on the cerebral cortex, which is involved in controlling
muscle activation and smoothing out high-speed motor control processes (Karwowski et al.,
2003; Wise & Shadmehr, 2002). As discussed by Parasuraman & Rizzo (2008), one useful
method for assessing brain activity at work is electroencephalography (EEG). EEG is a noninvasive method in which electrodes are placed on the scalp to measure the spontaneous
electrical activity of the brain at certain periods (Niedermeyer & da Silva, 2005; Parasuraman &
Rizzo, 2008). Gevins & Smith (2007) suggested that brain monitoring for ergonomic studies
should be robust, sensitive, unobtrusive, and cost-effective, with a high temporal resolution.
These criteria are necessary to provide maximum flexibility without hampering operator
performance and to track real-time changes in neural activities in response to physical/cognitive
tasks. Furthermore, EEG does not require immobilization of the subject, and data can be easily
collected while the subject wears a lightweight device on his/her head, even outside of laboratory
environments (Gevins & Smith, 2007).
3.2 Objectives
The main objective of the present study was to investigate the differences (if any) in the
EEG PSD caused by forces voluntarily applied at predefined physical exertion levels during an
isometric arm exertion. This study was purposely designed for female participants, as there are
differences in the male and female brains while considering various factors, including aging,
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functionality, hormone response, wiring, and so on (Mosconi, 2020). In addition, there is
currently a significant lack of data for the female population among investigations of EEG
indices for physical activities and general studies in the published scientific literature (Perez,
2019; Rahman, Karwowski, Fafrowicz, & Hancock, 2019).
3.3 Hypotheses
We hypothesized that there would be differences in EEG indices of brain activity due to
different levels of arm exertions exhibited by the participants at different levels of predefined
physical exertion.
Ho: There is a difference in EEG indices due to forces exerted at different levels of
physical exertion
H1: There is no difference in EEG indices due to forces exerted at different levels of
physical exertion
3.4 Methods
3.4.1 Participants
Eight healthy female adults (27.5±7.7 years) participated in this study. Other similar EEG
studies included fewer than eight participants (Bates, 1951; Choktanomsup et al., 2017; Ding et
al., 2011; Ftaiti et al., 2010; Krause et al., 1983; Presacco et al., 2011; Rasmussen et al., 2004;
Winslow et al., 2016). The exclusion criteria included any history of cardiovascular disease,
neural or psychological disorder, polycystic ovary syndrome (PCOS), back pain, and any other
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serious illnesses or injuries. None of the participants were pregnant at the time of the experiment.
The experimental procedures were approved by the Institutional Review Board (IRB) at the
University of Central Florida (UCF) under IRB ID STUDY00000535. Written informed consent
was obtained from all participants before the experiment. The participants were informed of the
experimental procedures before the trials began.
3.4.2 Experimental Design
The experimental protocol included isometric arm exertions (Caldwell et al., 1974;
Chaffin, 1975; Garg, Waters, Kapellusch, & Karwowski, 2014) at different levels of physical
exertion. To assess the level of MVC, the participants were asked to increase their exerting force
to the maximum possible level without jerking and to maintain this exertion for 3 s (Kee &
Karwowski, 2001; Knight et al., 2002). A total of three trials were performed. Next, participants
performed isometric arm exertions in the same posture (Figure 4) at five predefined levels of
physical exertion, including extremely light (EL), light (L), somewhat hard (SH), hard (H), and
extremely hard (EH). In each experimental set, the levels of physical exertion were applied in a
random order to minimize the learning effect. The assigned levels were selected from Borg’s
RPE scale (Appendix A). The details of the study protocol are presented in Figure 5. For each
exertion, the exerted force was measured with a Torbal force meter. After each exertion, the
participants were also asked to assess their physical comfort using an 11-point unipolar scale of
perceived physical comfort (RPPC) by Karwowski (2020) (Appendix D). The scale was
developed with the assumption that the level of physical comfort is related to the corresponding
magnitude of physical exertion.
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Figure 4: Side- and front-view schematic of the isometric arm exertion using the Jackson
Strength Evaluation System (Chaffin, 1975; Chaffin, Herrin, & Keyserling, 1978)

Figure 5: Experimental protocol for isometric arm exertion with given physical exertion levels
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3.4.3 Data Acquisition
Brain activity during isometric exertion was recorded using the Cognionics Data
Acquisition Software Suite and a 64-channel Cognionics Mobile-64 device. A conductive AgCl
gel was used to create an electrical connection with the scalp (Figure 6). The electrodes of the
device were arranged in a 10-10 configuration. The electrode contact impedance was carefully
monitored and maintained as low as possible, i.e., 20 kohm or less (Luck, 2014).

Figure 6: Headset preparation with gel

Before the experiment, the participants were trained on how to minimize artifacts such as
eye blinking, tongue movement, and any other facial movements. The participants were also
informed on how these activities impact EEG recordings. Before the recording process, an
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appropriately fitted cap was placed on the participant’s head, and the gel was applied by a
syringe to each electrode. Subsequently, the impedance was reduced for each electrode one by
one. To reduce the impedance, circular movement with a sterilized blunt needle tip was applied.
The entire process took approximately 30–40 min. After the desired impedance level had been
reached, EEG signals were recorded at a sampling rate of 500 /s.
3.4.4 Data Preprocessing
Data processing was performed using the EEGLAB toolbox of MATLAB, which is an
open-source processing tool (Arnaud Delorme & Makeig, 2004). The acquired EEG data were
resampled and band-pass-filtered from 1 to 50 Hz. In the next step, clean_rawdata and artifact
subspace reconstruction (ASR) were applied to reject bad channels and to correct continuous
data, respectively (Arnaud Delorme & Makeig, 2004; Mullen et al., 2013). The channels were
also checked manually and removed if necessary, based on channel power spectrum plots. The
removed channels were interpolated, and then, average referencing was applied. The continuous
data were epoched between -1 and 4 s for each exertion. For this purpose, epoch rejection tools
using an amplitude threshold of -500 to 500 µV and an improbability test (6SD for single
channels, 2SD for all channels) were applied. Adaptive mixture independent component analysis
(AMICA) was used to separate independent components of the data, which provided better
results than other ICA algorithms (A Delorme, Palmer, Onton, Oostenveld, & Makeig, 2012;
Palmer, Kreutz-Delgado, & Makeig, 2012). Finally, the IClabel plugin was applied to label and
remove artifactual components (Pion-Tonachini, Kreutz-Delgado, & Makeig, 2019). For all data
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preprocessing steps, Makoto’s preprocessing guidelines and EEGLAB tutorials were used for
guidance (Miyakoshi, 2020).
3.4.5 Data Analysis
Because cognition, motor planning, attention, and perception are executed in the frontal,
central motor, and parietal cortex (Ward, 2015), 41 channels covering these regions were
selected for analysis. The analyzed EEG band frequencies were the theta (4–8 Hz), alpha (8–13
Hz), beta (13–30 Hz), and gamma (30–50 Hz) frequencies (Niedermeyer and da Silva, 2005).
Alpha waves are known to have an inverse relation with cortical activation and represent a
relaxed state (Teplan, 2002). The theta, beta, and gamma bands are primarily related to
motivational processes, memory, and emotion; sensorimotor behavior; and attention and object
representation, respectively (Suurmets, 2018).
Although EEG data do not have a high spatial resolution, the selected channels are
commonly utilized in studies of brain motor cortex and cognitive functions (Schröder et al.,
2005; Yahya, Musa, Ong, & Elamvazuthi, 2019). A region-based classification of the channels
used in this study is illustrated in Figure 7. The PSD for all major brain wave frequencies was
computed by MATLAB. The PSD is an estimate of the total power distribution over frequency
(Stoica, Moses, & others, 2005). In other words, the PSD, or power spectra, measures the power
of a signal for a certain frequency domain, measured in decibels (dB).
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Figure 7: Categorization of selected channels from the Cognionics Mobile-64 headset according
to brain region. Red, green, and blue correspond to the frontal, central, and parietal channels,
respectively.

Repeated-measure analysis of variance (ANOVA) for all selected channels was
performed to identify differences based on the level of physical exertion and/or MVC. In most
cases, the factor was taken as the exertion level or MVC. These analyses were performed for the
theta, alpha, beta, and gamma PSD. Tukey pairwise comparison test was applied to determine
which levels of physical exertion and/or MVC were significantly different. Similarly, ANOVA
was performed for the average applied force and RPPC scores at different levels of physical
exertion. Furthermore, Pearson correlation analysis was conducted to identify any significant
correlations between applied force and EEG band power for the different levels of physical
exertion. Correlation coefficients were also calculated for the force, EEG power, and RPPC. For
all calculations, a p-value of less than or approximately equal to 0.05 was considered significant.
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Minitab statistical software was used to generate these results. In all ANOVA tables, df, Adj SS,
and Adj MS correspond to the degrees of freedom, adjusted sum of squares, and adjusted mean
squares, respectively.
3.5 Results
3.5.1 Anthropometric Characteristics
Table 1 presents a summary of anthropometric measurements for all participants,
acquired before the experiment. The table also includes descriptive statistics of the MVC for all
subjects.
Table 1: Descriptive statistics of anthropometric measurements and MVC for all subjects
Variable

Mean

SD

Range
Min

Max

Age (year)

27.5

7.69

21

39

Body Weight (kg)

58.1

10.91

45.8

79.4

Shoulder Height (cm)

135.88

7.77

123

146

Hip Height (cm)

97.56

6.51

87

104.5

Knee Height (cm)

51.88

2.59

48

55

Arm Height (cm)

106.63

5.29

98

113

Knuckle Height (cm)

73

5.61

65

80

Body Height (cm)

162.6

6.44

152.4

172.7

Maximum Voluntary
Contraction (arm
flexion, N)

119.5

52.86

37

204

3.5.2 Force Results
Descriptive statistics across all subjects (N=8) for forces exerted at different levels of
predefined physical exertion are shown in Table 2 below.
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Table 2: Isometric arm forces (and % MVC) at different levels of physical exertion
Exertion level

Arm force (N)
Mean

SD

Range

%MVC

Min

Max

Mean

Min

Max

Extremely light

10.06

5.37

2

18

8.42

1.67

15.06

Light

16.59

6.09

8

28

13.88

6.69

23.43

Somewhat hard

40.80

15.39

18

66

34.14

15.06

55.23

Hard

47.91

17.75

17

82

40.09

14.23

68.62

Extremely hard

70.06

28.43

22

118

58.63

18.41

98.74

The isometric arm forces exerted at different levels of physical exertion were found to be
significantly different. These results, based on ANOVA and Tukey pairwise comparison, are
summarized in Tables 3-4 and Figure 8.
Table 3: ANOVA table for the effect of exertion level on the exerted arm forces (N)
Source
Subject
Exertion level
Error
Total

df
7
4
28
39

Adj SS
5798
18951
4947
29696

Adj MS F-Value
828.2
4.69
4737.8 26.82
176.7

p-Value
0.001
0.000

Table 4: Summary statistics for arm forces exerted at different levels of physical exertion (Tukey
pairwise comparison at 95% confidence level)
Exertion level
Extremely hard

Mean
Group
70.0625 A

Hard
Somewhat hard
Light
Extremely light

47.9125
40.8000
16.5875
10.0625

B
B
C
C
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Figure 8: Significant differences between arm forces at different levels of physical exertion using
Turkey pairwise comparison. Here, exertion levels EL, L, SH, H, and EH correspond to
extremely light, light, somewhat hard, hard, and extremely hard respectively.
3.5.3 RPPC Results
Descriptive statistics across all subjects (N=8) for RPPC scores at different levels of
predefined physical exertion are shown in Table 5 below.
Table 5: Descriptive statistics of RPPC scores across all subjects and all exertion levels
Exertion level

RPPC scores
Mean

SD

Range
Min

Max

Extremely light

8.83

1.71

4

10

Light

8.38

1.56

5

10

Somewhat hard

5.63

1.61

3

8

Hard

5.38

2.24

2

10

Extremely hard

4.67

2.28

1

10

53

The RPPC scores at different levels of physical exertion were found to be significantly
different. These results, based on ANOVA and Tukey pairwise comparison, are summarized in
Tables 6-7 and Figure 9.
Table 6: ANOVA table for the effect of exertion level on RPPC scores
Source
Subject
Exertion level
Error
Total

df
7
4
28
39

Adj SS
80.49
114.59
36.25
231.33

Adj MS F-value
11.498 8.88
28.649 22.13
1.295

p-value
0.000
0.000

Table 7: Summary statistics for RPPC scores at different levels of physical exertion (Tukey
pairwise comparison at 95% confidence level)
Exertion level

Mean

Group

Extremely light
Light
Somewhat hard
Hard
Extremely hard

8.83333
8.37500
5.62500
5.37500
4.66667

A
A
B
B
B

Figure 9: Significant differences between RPPC scores at different levels of physical exertion
using Turkey pairwise comparison. Here, exertion levels EL, L, SH, H, and EH correspond to
extremely light, light, somewhat hard, hard, and extremely hard respectively.
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Finally, overall results of force applied and RPPC scores at five exertion levels are
illustrated in Figure 10.

Figure 10: Arm forces and RPPC scores bar plot at different levels of physical exertion across all
subjects (N=8). Here, exertion levels EL, L, SH, H, and EH correspond to extremely light, light,
somewhat hard, hard, and extremely hard respectively.
3.5.4 EEG Results
3.5.4.1 ANOVA Results
Several EEG channels displayed significant differences in spectral power for isometric
forces exerted at different physical exertion levels and MVC. These results, based on ANOVA,
are summarized in Table 8 and Figures 11–13. Detailed ANOVA results for all of these channels
are shown in Appendix J.
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Table 8: ANOVA results for the effect of physical exertion levels on spectral power (dB) in
different channels
Brain

Channel

region

EEG
frequency

Spectral power (dB)
Extremely

Light

light

Somewhat

Hard

hard

Extremely

F-

p-

value

value

hard

Frontal

AF3

Theta

-4.24

-3.59

-3.35

-2.83

-3.04

2.71

.04

Frontal

Fp2

Gamma

-34.53

-34.83

-34.27

-33.77

-33.92

4.16

.01

Frontal

F6

Gamma

-35.54

-35.37

-34.63

-35.19

-35.17

5.17

.00

Central

FC5

Gamma

-36.62

-36.71

-35.82

-35.93

-36.15

2.78

.03

Central

FC6

Gamma

-36.93

-36.89

-36.77

-36.96

-36.72

5.81

.00

Central

C6

Gamma

-37.27

-37.46

-37.22

-37.08

-37.28

2.71

.04

Central

CP2

Beta

-10.82

-10.83

-10.83

-10.89

-11.22

3.88

.01

Central

CP3

Gamma

-36.60

-36.61

-36.99

-36.11

-36.51

2.55

.05

Central

CP5

Gamma

-35.31

-35.96

-36.64

-36.18

-35.65

3.75

.01

Central

CPz

Beta

-10.18

-10.32

-10.38

-10.24

-10.57

2.94

.03

Parietal

P1

Gamma

-34.75

-35.14

-33.98

-34.08

-34.77

3.05

.02

Parietal

P3

Gamma

-34.78

-34.53

-34.33

-34.41

-34.45

2.71

.04

Parietal

Pz

Gamma

-34.69

-35.37

-34.25

-33.71

-34.46

3.05

.02
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AF3 theta power (dB)

-4.5
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-3.5
-3
-2.5
-2
-1.5
-1
-0.5
0
EL

L

SH

H

EH

Exertion level

Beta power (dB)

Figure 11: Significant theta power in channel AF3 at different levels of physical exertion. The
exertion levels EL, L, SH, H, and EH correspond to extremely light, light, somewhat hard, hard,
and extremely hard, respectively.

-11.4
-11.2
-11
-10.8
-10.6
-10.4
-10.2
-10
-9.8
-9.6
CP2

CPz

Channel
EL

L

SH

H

EH

Figure 12: Channels with a significant beta power at different levels of physical exertion. The
exertion levels EL, L, SH, H, and EH correspond to extremely light, light, somewhat hard, hard,
and extremely hard, respectively.
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-38

Gamma power (dB)

-37
-36
-35
-34
-33
-32

-31

Channel
EL

L

SH

H

EH

Figure 13: Channels with a significant gamma power at different levels of physical exertion. The
exertion levels EL, L, SH, H, and EH correspond to extremely light, light, somewhat hard, hard,
and extremely hard, respectively.
3.5.4.2 Bar Plot and Topographic Map
The average spectral power across all subjects and all selected channels was determined
for each level of physical exertion (Figure 14).
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Power spectral density (dB)
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Figure 14: Bar plot of EEG spectral power vs. exertion level across all subjects (N=8) and all
channels. The exertion levels EL, L, SH, H, and EH correspond to extremely light, light,
somewhat hard, hard, and extremely hard, respectively.

In addition, topographic head maps of spectral power, including all subjects and all
channels, are shown in Figure 15 for different physical exertion levels and MVC. These results
show that the theta and alpha powers are comparatively high in the frontal and parietal regions of
the brain. In addition, the beta and gamma powers are higher in the frontal and parietal areas of
the brain, as well as part of the central region.
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Figure 15: Grand average topographic head maps of EEG spectral power (dB) for the theta,
alpha, and beta bands at the different exertion levels and MVC. Here, blue and red denote the
minima and maxima, respectively, of the corresponding scales. The columns represent levels of
physical exertion and MVC whereas the rows correspond to the EEG power from different
frequency bands. The exertion levels EL, L, SH, H, and EH correspond to extremely light, light,
somewhat hard, hard, and extremely hard, respectively.

3.5.4.3 Frontal Region
Among the frontal channels, Tukey pairwise comparison analysis showed a higher theta
power for the hard level compared with the extremely light level in AF3. In addition, higher
gamma power was observed for MVC than for light and extremely light in Fp2 and F6,
respectively. These results are detailed in Figure 16. In addition, the average PSD of the frontal
channels was calculated and plotted against the entire frequency range from theta to gamma for
all exertion levels and MVC (Figure 17).
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Figure 16: Tukey analysis results for the frontal channels (marked red), including the significant
EEG frequency, followed by groups based on significant differences in mean power among
different levels of physical exertion/MVC. Here, means not sharing a letter are significantly
different. The exertion levels EL, L, SH, H, and EH correspond to extremely light, light,
somewhat hard, hard, and extremely hard, respectively.

Figure 17: Average PSD in frontal channels at different exertion levels and MVC. The exertion
levels EL, L, SH, H, and EH correspond to extremely light, light, somewhat hard, hard, and
extremely hard, respectively.
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3.5.4.4 Central Region
Tukey pairwise comparison results showed a significant difference in the EEG spectral
power between exertion levels for FC5, FC6, C5, C6, CP2, CP3, CP5, and CPz, as shown in
Figure 18. In addition, the average PSD of the central channels was calculated and plotted
against the entire frequency range from theta to gamma for all exertion levels and MVC (Figure
19).
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Figure 18: Tukey analysis results for central channels (marked green), including the significant
EEG frequency, followed by groups based on significant differences in mean power among the
different levels of physical exertion/MVC. Here, means not sharing a letter are significantly
different. The exertion levels EL, L, SH, H, and EH correspond to extremely light, light,
somewhat hard, hard, and extremely hard, respectively.
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Figure 19: Average PSD in central channels at different exertion levels and MVC. The exertion
levels EL, L, SH, H, and EH correspond to extremely light, light, somewhat hard, hard, and
extremely hard, respectively.

3.5.4.5 Parietal Region
When the exertion levels were compared by Tukey analysis, parietal channels P1, P3, and
Pz were found to have significantly different EEG spectral powers, as displayed in Figure 20. In
addition, the average PSD in the parietal channels was calculated and plotted over the entire
frequency range (1–50 Hz) for all exertion levels and MVC (Figure 21).
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Figure 20: Tukey analysis results for the parietal channels (marked blue), including the
significant EEG frequency followed by groups based on significant differences in the mean
power among different levels of physical exertion/MVC. Here, means not sharing a letter are
significantly different. The exertion levels EL, L, SH, H, and EH correspond to extremely light,
light, somewhat hard, hard, and extremely hard, respectively.

Figure 21: Average PSD in parietal channels at different exertion levels and MVC. The exertion
levels EL, L, SH, H, and EH correspond to extremely light, light, somewhat hard, hard, and
extremely hard, respectively.
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3.5.4.6 Correlation Analysis
A channel–channel correlation analysis of spectral power was performed for the
significant channels listed in Table 9. These channel pairs primarily showed strong positive
correlations in EEG spectral power at different physical exertion levels. Table 9 demonstrates
one such inter-channel correlation matrix for the theta power at the extremely light level. The
remaining correlation matrices for the theta, alpha, beta, and gamma spectral power at different
levels of exertion are given in Appendix K.
Table 9: Channel–channel correlation matrix for the theta power in significant channels at the
extremely light level. Here, * indicates a significant correlation, with p ≤ 0.05.
Theta power at extremely light exertion
AF3
Fp2

.663

F6

.818*

FC5

.885*

FC6

.866*

C6

.827*

CP2

.719*

CP3

.983*

CP5

.930*

CPz

.578

P1

.944*

P3

.963*
P
.958*

Pz

Fp2
0

F6

0
.861*
0
.834*
0
.850*
0
.818*
0
.930*
0
.744*
0
.803*
0
.888*
0
.728*
0
.736*
0
.845*

0
0
.979*
0
.978*
0
.903*
0
.782*
0
.833*
0
.896*
0
.643
0
.891*
0
.882*
0
.898*

FC5

FC6

C6

CP2

CP3

CP5

Pz

P1

P3

0
0
.978*
0
.919*
0
.799*
0
.894*
0
.942*
0
.654
0
.904*
0
.924*
0
.931*

0
0
.931*
0
.761*
0
.868*
0
.893*
0
.627
0
.933*
0
.946*
0
.923*

0
0
.816*
0
.870*
0
.910*
0
.734*
0
.916*
0
.898*
0
.890*

0
0
.822*
0
.879*
0
.972*
0
.716*
0
.709*
0
.868*
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0
0
.970*
0
.710*
0
.934*
0
.946*
0
.979*

0
0
.767*
0
.902*
0
.903*
0
.962*

0
0

0
.589

0
.576
0
.755*

0
.973*
0
.946*

0
0
.951*

0

Pearson correlation coefficients for the EEG spectral power and arm forces at different
levels of physical exertion were determined for all channels and all subjects. The theta, alpha,
and beta powers were significantly correlated with force when the exertion level was extremely
hard. The gamma power exhibited a significant correlation with force under hard exertion. All of
these correlations were positive. Table 10 presents detailed results, including the channels,
regions, and EEG frequencies for which these correlations were found.
Table 10: Correlation coefficients for spectral power and arm forces in different frequency bands
and channels at different levels of physical exertion. Here, * indicates a significant correlation,
with p ≤ 0.05.
Brain

Channel

region

EEG

EEG power–force

frequency

correlation coefficient (r)
Hard

Extremely
hard

Frontal

AF3

Theta

.712*

Frontal

F5

Theta

.715*

Central

FC4

Theta

.829*

Central

FC5

Theta

.740*

Central

CP4

Gamma

Central

CP5

Alpha

.712*

Parietal

P3

Theta

.755*

Parietal

P3

Alpha

.711*

Parietal

P3

Beta

.702*

Parietal

P5

Theta

.816*

Parietal

P5

Alpha

.759*

Parietal

P5

Beta

.786*

.751*

Similarly, correlation coefficients for the spectral power and RPPC were also calculated.
In this case, the theta power and RPPC had significant positive correlation coefficients for the
exertion levels of extremely light, light, and somewhat hard. In addition, for the gamma power,
significant positive correlations with RPPC were found at the extremely light and somewhat hard
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exertion levels. Table 11 provides detailed results, including the channels, regions, and EEG
frequencies for which these correlations were found.
Table 11: Correlation coefficients for spectral power and RPPC in different frequency bands and
channels at different levels of physical exertion. Here, * indicates a significant correlation, with p
≤ 0.05.
Brain region

Channel

EEG

EEG power-RPPC correlation coefficients (r)

frequency

Extremely

Light

Somewhat hard

light
Frontal

F2

Theta

.735*

Frontal

Fz

Central

FC2

.830*

Central

Cz

.710*

Frontal

AF3

Frontal

AF4

.885*

Frontal

AFz

.830*

Frontal

F1

.726*

Frontal

F2

.915*

Frontal

F3

.721*

Frontal

F4

.857*

Frontal

F6

.873*

Frontal

Fz

.934*

Central

C5

.709*

Central

CP1

Central

CP5

.748*

Parietal

P2

.702*

Parietal

P3

.819*

Parietal

Pz

.729*

.741*

Gamma

.754*
.757*

.744*

.767*

.735*
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3.6 Discussion
3.6.1 Spectral Power at Different Levels of Physical Exertion
The major aim of this study was to investigate brain EEG activity as measured by
spectral power (PSD) at different levels of physical exertion during isometric arm exertions. As
hypothesized, significant differences in EEG spectral power were observed among the
predefined levels of physical exertion and MVC. Reciprocal actions between neurons and
interneurons are considered to cause changes in the power of an EEG signal (Kranczioch,
Athanassiou, Shen, Gao, & Sterr, 2008). The results of this study revealed significant differences
in the theta, beta, and gamma power at different levels of physical exertion. The theta power was
significantly higher for hard than for extremely light in AF3, corresponding to the frontal region
of the brain (Figure 16). The beta power was greater at MVC than at light and extremely hard for
some channels in the central motor area (Figure 18). The gamma power was higher for MVC
than for extremely light and light in the frontal and parietal channels. In the central channels, the
gamma power was higher for MVC than for light, hard, and somewhat hard (Figures 16, 18, and
20). These results are summarized in Table 12.
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Table 12: Summarized results of EEG band frequencies. Significantly different physical exertion
levels are shown in terms of spectral power.
Brain region

Channel

EEG frequency

Exertion levels with
significant spectral power
differences

Frontal

Fp2

Gamma

MVC > Light

Frontal

AF3

Theta

Hard > Extremely light

Frontal

F6

Gamma

MVC > Extremely light
MVC > Light

Central

FC5

Gamma

MVC > Extremely light
MVC > Light

Central

FC6

Gamma

MVC > All five levels of
exertion

Central

C5

Beta

MVC > Light

Central

C6

Gamma

MVC > Light

Central

CP2

Beta

MVC > Extremely hard

Central

CP3

Gamma

MVC > Somewhat hard

Central

CP5

Gamma

MVC > Somewhat hard
MVC > Hard

Central

CPz

Beta

MVC > Extremely hard

Parietal

P1

Gamma

MVC > Light

Parietal

P3

Gamma

MVC > Extremely light

Parietal

Pz

Gamma

MVC > Light

In these findings, we observe a significant difference in spectral power, except for the
theta power, between MVC and the different levels of physical exertion. No significant
differences in the alpha, beta, and gamma power were found between the different levels of
physical exertion. Earlier works also reported similar results, with no significant change in
cortical activity for varying exercise intensities or force levels (Çakır, 2019; Chakarov et al.,
2009; Nakayashiki et al., 2014, Wang et al., 2017). Before the trials, the participants were
unaware of the exertion level they would be asked to exert; this condition may have influenced
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our results because the learning effect was minimized (Falvo, Sirevaag, Rohrbaugh, & Earhart,
2010; Green & Bavelier, 2008). Additionally, the short duration and low intensity of the
isometric task performed by the subjects reduced learning effects and fatigue. It has been
previously reported that when the applied force cannot be predicted, there were low alpha, beta,
and gamma spectral power (Mendez-Balbuena et al., 2013).
3.6.2 Theta Power at Different Exertion Levels
The theta band frequency is responsible for tasks such as processing working memory,
regulating emotion, processing new information, and focusing concentration (Jacobs et al., 2006;
Khader et al., 2010; Klimesch, 1999; Mari-Acevedo et al., 2019). In this study, the high theta
power observed under hard exertion (Table 12) reflects those aspects of mental effort that are
necessary to process information. The theta power was significantly higher in the frontal AF3
channel, indicating more cognition and planning in this region. This finding can be related to
previous works reporting the role of frontal theta power near the midline in sustaining attention
and in performing precise top-down processing of perception (Chuang, Huang, & Hung, 2013;
Doppelmayr, Finkenzeller, & Sauseng, 2008). In addition, the theta power is more prominent in
the frontal and parietal regions (Figure 15). It has been reported that the fronto-parietal theta
frequency is indicative of visuospatial information processing, perceptual regulation,
intersensory reorientation, and attentional modulation (Misselhorn, Friese, & Engel, 2019;
Morgan, Jackson, van Koningsbruggen, Shapiro, & Linden, 2013).
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3.6.3 Alpha Power at Different Exertion Levels
The alpha frequency acts to inhibit cortical activation and has been observed during the
wakeful resting state (Baumeister et al., 2012; Kirstein, 2007; Niedermeyer and da Silva, 2005).
This frequency also plays a role in information processing, control, and basic cognition
(Klimesch, 2012). The fronto-parietal alpha band is responsible for visuospatial information
processing, perceptual regulation, intersensory reorientation, and attentional modulation
(Misselhorn et al., 2019; Morgan et al., 2013). These findings may explain the overall high alpha
power observed in the frontal and parietal areas across all channels (Figure 15). However, we did
not find any significant differences in alpha power at different exertion levels.
3.6.4 Beta Power at Different Exertion Levels
The beta frequency is one of the EEG frequencies responsible for motor circuit activation
during physical activity (Amo et al., 2016; Feige et al., 2000; Ushiyama et al., 2017; Zaepffel et
al., 2013). The beta band frequency influences decision-making through sensorimotor signals
and overall motor control (S C Ng & Raveendran, 2011; Y. Zhang, Chen, Bressler, & Ding,
2008). Moreover, Baker (2007) reported that beta oscillations aid in providing somatosensory
feedback to the central nervous system. Beta band activity has also been reported during simple
and static contractions (Aumann & Prut, 2015; Grafton & Tipper, 2012). The cortical motor
areas and muscles are known to present synchronized beta and gamma waves during sustained
motor contraction (Baker, 2007). Additionally, frontal, central motor, and parietal beta rhythms
are associated with stimulus assessment and decision-making, sensorimotor and movement
control, and working memory accumulation, respectively (Gelastopoulos, Whittington, &
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Kopell, 2019; Kropotov, 2009, 2016; Pfurtscheller, Stancák, & Edlinger, 1997). These findings
may be related to the higher beta power observed at MVC in comparison with the light and
extremely hard levels in the central C5, CP2, and CPz channels (Table 12). Hence, a greater
effort for sensorimotor and movement control is needed to exert a force for MVC than for light
and extremely hard exertion.
3.6.5 Gamma Power at Different Exertion Levels
In addition to the beta band, gamma frequencies are highly active during physical
activity, indicating motor circuit activation (Amo et al., 2016; Feige et al., 2000; Ushiyama et al.,
2017; Zaepffel et al., 2013). Baker (2007) reported that motor areas and muscles present
synchronized gamma waves during sustained motor contraction. In addition, gamma frequency
waves increase during high levels of exertion and contribute to synchronized attention for
movement (Funk & Epstein, 2004; Mima, Simpkins, Oluwatimilehin, & Hallett, 1999). Cao et al.
(2015) demonstrated high gamma powers for forces near the MVC in the frontal, central, and
parietal channels. These findings are in agreement with the significantly lower gamma power
observed in this work for different exertion levels compared with that for the MVC in channels
from all three regions of the brain (Table 12).
Furthermore, frontal, central, and parietal gamma waves have been reported to play a role
in cognitive emotion regulation, movement and muscle sensitivity control, and cognitive
coordination, respectively (Kang, Jeong, Kim, Kim, & Kim, 2014; Michael-Titus, Revest, &
Shortland, 2010; Morgan et al., 2011; Swetenburg, Stice, & Karumbaiah, 2017). These previous
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findings are in agreement with the current finding from topographic maps in which the gamma
power was higher in the frontal, central motor, and parietal areas (Figure 15).
3.6.6 Inter-channel Correlation of EEG Spectral Power at Different Physical Exertion Levels
Inter-channel correlations are related to neural synchronization and can be useful in
functional connectivity analysis, feature extraction, and signal reconstruction (Bonita et al.,
2014; D’iaz et al., 2015; Rahman and Fattah, 2020; Shukla and Majumdar, 2015). D’iaz et al.
(2015) reported inter-channel correlation coefficients for beta and gamma frequencies to
demonstrate a difference in neural information processing for a progressively difficult cognitive
task. The study also reported a decrease in correlation coefficients with increasing cognitive
difficulty indicating a reduction in brain synchronization. In addition, beta correlation values
were found to be sensitive to difficulty levels. In the current study, high positive correlation
coefficients were observed for most inter-channel correlations at different levels of exertion,
indicating better synchronization in these channels (see Table 9 and Appendix D). The less
cognitive demand of the assigned task could explain the high positive correlations and more
brain synchronization. In general, brain synchronization has a role in speaking and listening, sleeping
and waking, human consciousness, social interaction, and so on (Dumas, Nadel, Soussignan,

Martinerie, & Garnero, 2010; Landwehr, Volpert, & Jowaed, 2014; Pérez, Carreiras, &
Duñabeitia, 2017; Valencia & Froese, 2020). In this study, since the task was physical and not
based on cognitive difficulty, further studies with an elaborate functional connectivity analysis
would provide more information, as has also been recommended by Bonita et al. (2014).
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3.6.7 Correlation of EEG Spectral Power and Force at Different Physical Exertion Levels
Previous works have indicated that EEG signatures correlate with force level, force rate,
fatigue, and muscle movement (D.-E. Kim, Park, & Sim, 2013; Lattari et al., 2014; Jing Z Liu et
al., 2005; Mima et al., 1999; B. Yao et al., 2009). Our results showed a significant positive
correlation between EEG band power and force for extremely hard exertion (see Table 10).
Correlations between theta power and force were observed in channels from all three regions,
depicting a heightened emotional state, focused concentration, and visuospatial working memory
accumulation (Mari-Acevedo, Yelvington, & Tatum, 2019; Scher, 2017; Wolinski, Cooper,
Sauseng, & Romei, 2018). For the alpha power, correlations were found in the central and
parietal channels. The central alpha waves most likely correspond to the mu rhythm, which is a
variant of the alpha rhythm that occurs when there is a movement or thought of movement
(Britton et al., 2016). In contrast, parietal alpha waves can be related to intersensory reorientation
(Misselhorn et al., 2019). For the beta power, correlations were observed in two parietal channels
relating to working memory processing (Pfurtscheller et al., 1997). Therefore, our results
indicate that a high exertion level, such as extremely hard, exhibits a high cortical sensitivity of
the theta, alpha, and beta power to the applied force. However, the gamma band power was
found to be correlated with force under hard exertion in CP4, depicting movement control and
motor circuit activation, as discussed earlier (Amo et al., 2016; Feige et al., 2000; Michael-Titus
et al., 2010; Ushiyama et al., 2017; Zaepffel et al., 2013).

75

3.6.8 Correlation of EEG Spectral Power and RPPC at Different Physical Exertion Levels
In this study, a significant correlation with RPPC was found for the theta and gamma
power. These correlations were observed at lower exertion levels, i.e., extremely light, light, and
somewhat hard (see Table 11). Lower exertion levels are related to a higher perception of
comfort. As the theta and gamma powers play a role in processing perception, these correlations
are justified (Chuang et al., 2013; Doppelmayr et al., 2008; Castelhano et al., 2013).
(Doppelmayr et al., 2008)
3.6.9 Conclusions
In the present study, the learning effect was minimized for each subject by providing a
random sequence of exertion levels unknown to the participant. However, sometimes people
repeatedly perform the same task at work and in everyday life, and these tasks may be affected
by brain plasticity. Future research may include experiments with many consecutive trials at the
same level of exertion to determine whether there is a difference in results. In addition,
comparisons among different age groups, genders, isometric tasks for other body parts, e.g., leg
or torso, and isokinetic activities should be investigated. Furthermore, because the brain has a
complex structure, nonlinear and functional connectivity analyses considering the perception of
exertion and consequent force application should be considered as additional research prospects.
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CHAPTER 4: EXPERIMENT II EEG SIGNATURES AT DIFFERENT
LEVELS OF PHYSICAL COMFORT
4.1 Introduction
Increasing attention is being paid to human factors and ergonomics, specifically to the
theoretical and practical value of comfort (Cameron, 1993; Karwowski, 2005; Vink et al., 2005).
In general, comfort can be defined as a state of ease, relief, or well-being, and is influenced by a
set of actions taken by individuals to reach that state (Cameron, 1993; Kolcaba, 1991; Morse,
1992). Human perception of comfort is a complex subjective construct determined by an intricate
interplay among psychological, spiritual, physical, social, and environmental factors (De Looze,
Kuijt-Evers, & Van Dieen, 2003; Kolcaba, 1994). Peter Vink, Koningsveld, & Molenbroek
(2006) have observed that many investigations in ergonomics have focused on negative aspects
such as physical discomfort, illness, or musculoskeletal disorders. Moreover, comfort and
discomfort have been suggested to be different constructs (Zhang et al. 1996). Therefore, Peter
Vink, Koningsveld, & Molenbroek (2006) have proposed a perspective on positive constructs,
such as comfort and productivity, suggesting that the perception of comfort can be used as an
effective design parameter for the development of productive and efficient work environments.
Various methods have been used to quantify the perception of comfort, including
modified scales or questionnaires, the free modulus method, Comfort Rating Scales, predefined
factors, and unipolar or bipolar scales (Hernandez et al., 2002; Kee & Karwowski, 2001; Knight
et al., 2002; Pearson, 2009). Because perception of comfort is influenced by a multitude of
psychological and physiological factors (De Looze et al., 2003; Kolcaba, 1994), studying the
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neural signatures of comfort is important. In this study, we focus on the neural signatures of
physical comfort. Because the voluntary control of muscle movements and motor activities is a
crucial function of the brain, many studies have focused on the cerebral cortex, which is involved
in controlling muscle activation and smoothing out high-speed motor control processes
(Karwowski et al., 2003; Wise & Shadmehr, 2002). As discussed by Parasuraman & Rizzo
(2008), one useful method to assess brain activity during work is electroencephalography (EEG).
EEG is a noninvasive method wherein electrodes are placed on the scalp to measure spontaneous
electrical activities of the brain at certain periods (Niedermeyer & da Silva, 2005; Parasuraman
& Rizzo, 2008). Gevins & Smith (2007) have suggested that brain monitoring for
neuroergonomic studies should be robust, sensitive, unobtrusive, inexpensive, and should have a
high temporal resolution. These criteria are necessary both to provide maximum flexibility
without hindering operator performance and to track real-time changes in neural activities in
response to physical/cognitive tasks. Furthermore, EEG involves no mandatory immobilization
of participants, and data can be collected easily while participants wear a lightweight device on
their heads, even outside laboratory environments (Gevins & Smith, 2007).
4.2 Objective
The main objective of the present study was to investigate any potential differences in
EEG power spectral density (spectral power) due to forces voluntarily applied at predefined
physical comfort levels during isometric arm exertion. The study was performed in female
participants, owing to differences between male and female brains in terms of factors including
aging, functionality, hormone response, and wiring (Mosconi, 2020). In addition, a substantial
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data gap currently exists in investigations of EEG indices of physical activities and the overall
published scientific research in the female population (Perez, 2019; Rahman, Karwowski,
Fafrowicz, & Hancock, 2019).
4.3 Hypotheses
We hypothesized that differences would exist in the EEG indices of brain activity, owing
to the different levels of arm exertion exhibited by the participants at different levels of
predefined physical comfort.
Ho: There is a difference in EEG indices due to forces exerted at different levels of
physical comfort
H1: There is no difference in EEG indices due to forces exerted at different levels of
physical comfort.
4.4 Methods
4.4.1 Participants
Eight healthy female adults (27.5±7.7 years) participated in this study. Other similar EEG
studies have also included fewer than eight participants (Bates, 1951; Choktanomsup et al., 2017;
Ding et al., 2011; Ftaiti et al., 2010; Krause et al., 1983; Presacco et al., 2011; Rasmussen et al.,
2004; Winslow et al., 2016). The exclusion criteria included any history of cardiovascular
disease, neural or psychological disorders, polycystic ovary syndrome (PCOS), back pain, or any
other serious illnesses and injuries. No participants were pregnant at the time of the experiment.
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The experimental procedures were approved by the Institutional Review Board (IRB) at the
University of Central Florida (UCF) under IRB ID STUDY00000535. Written informed consent
for all participants was obtained before the experiment. The participants were familiarized with
the experimental procedures before the trials began.
4.4.2 Experimental Design
The experimental protocol included isometric arm exertion (Caldwell et al., 1974;
Chaffin, 1975; Garg et al., 2014) at different levels of physical comfort. To assess the level of
MVC, we asked the participants to increase the exerted force to a maximum possible level
without jerking and to maintain the exertion for 3 sec (Kee & Karwowski, 2001; Knight et al.,
2002). A total of three trials were performed. Next, participants performed isometric arm
exertion in the same postures (Figure 4) at five predefined levels of physical comfort: very low
(VL), fair (F), moderate (M), high (HH), and very high (VH). In each experimental set, the
comfort levels were applied in random order to minimize learning effects. The assigned levels
were selected from the proposed 11-point unipolar rating of the perceived physical comfort scale
(Appendix D). The scale was developed based on the assumption that the level of physical
comfort is associated with a corresponding magnitude of physical exertion. The detailed study
protocol is shown in Figure 22. For each exertion, the exerted force was measured with a Torbal
force meter. After each exertion, the participants were also asked to assess their physical effort
on Borg’s scale of RPE (Appendix A).
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Figure 22: The experimental protocol for isometric arm exertion with given physical comfort levels

4.4.3 Data Acquisition
Brain activity during isometric exertion was recorded with a Cognionics Data Acquisition
Software Suite and 64 channel Cognionics Mobile-64 device. Conductive AgCl gel was used to
create an electrical connection with the scalp. The device electrodes were arranged in a 10–10
configuration. The electrode contact impedance was carefully monitored and maintained as low
as possible, i.e., 20 k ohm or less (Luck, 2014).
Before the experiment, the participants were trained in how to minimize artifacts such as
eye blinking, tongue movement, and any other facial movements. They were also shown how
these activities affect EEG recordings. Before recording, a cap in the most fitted size available
was placed on each participant’s head, and the gel was applied through syringes to each electrode
(Figure 6). The impedance was then reduced for each electrode individually. For reducing the
impedance, a circular movement with a sterilized blunt needle tip was performed. The entire
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process lasted approximately 30–40 minutes. After the desired impedance level was reached,
EEG signals were recorded at a sampling rate of 500/s.
4.4.4 Data Preprocessing
Data processing was performed in the EEGLAB toolbox of MATLAB, an open-source
processing tool (Arnaud Delorme & Makeig, 2004). The acquired EEG data were resampled and
band-pass filtered from 1 to 50 Hz. In the next step, clean_rawdata and Artifact Subspace
Reconstruction were applied to reject bad channels and correct continuous data, respectively
(Arnaud Delorme & Makeig, 2004; Mullen et al., 2013). The channels were also verified
manually and removed if necessary, according to channel power spectra plots. The removed
channels were interpolated, and average referencing was then applied. The continuous data were
epoched between -1 and 4 seconds of the exertion performed. Epoch rejection tools, using an
amplitude threshold from -500 to 500 µV, and improbability tests (6 SD for single channels, 2
SD for all channels) were applied. Adaptive Mixture Independent Component Analysis
(AMICA) was used to separate independent components of the data that reported better results
than other ICA algorithms (Delorme et al., 2012; Palmer et al., 2012). Finally, the IClabel plugin
was applied to label and remove the artifactual components (Pion-Tonachini et al., 2019). For all
steps in data preprocessing, Makoto’s preprocessing guidelines and EEGLAB tutorials were used
as a guideline (Miyakoshi, 2020).
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4.4.5 Data Analysis
Because cognition, motor planning, attention, and perception are executed in the frontal,
central motor, and parietal cortex (Ward, 2015), we selected 41 channels covering these regions
for analysis. The analyzed EEG band frequencies were theta (4–8 Hz), alpha (8–13 Hz), beta
(13–30 Hz), and gamma (30–50 Hz) (Niedermeyer and da Silva, 2005). Alpha waves are
inversely associated with cortical activation and represent a relaxed state (Teplan, 2002). Theta,
beta, and gamma bands are primarily associated with motivational processes, memory and
emotion; sensorimotor behavior; and attention and object representation, respectively (Suurmets,
2018).
Although EEG does not have a high spatial resolution, the selected channels have
typically been used in prior research for the investigation of brain motor cortex and cognitive
functions (Schröder et al., 2005; Yahya et al., 2019). The region-based classification of the
channels used in this study is illustrated in Figure 7. The PSD for all major brain wave
frequencies was computed with MATLAB. PSD is an estimate of total power distribution over
the frequency (Stoica et al. 2005). That is, the PSD, or power spectra, measures the power of a
signal for a certain frequency domain in decibels (dB).
Repeated measures analysis of variance (ANOVA) for all selected channels was
performed to assess differences in the levels of comfort and/or MVC. The factor was named as
comfort level including either a level of comfort or MVC. These analyses were performed for
theta, alpha, beta, and gamma power. Post-hoc Tukey pairwise comparison test was applied to
determine which levels of comfort and/or MVC significantly differed. Similarly, ANOVA was
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performed for average applied force and RPE scores at different levels of comfort. Furthermore,
Pearson correlation analysis was conducted to determine any significant correlation between
applied force and EEG band power at different levels of comfort. Correlation coefficients were
also calculated for force, EEG power, and RPE. For all calculations, a p-value less than or
approximately equal to 0.05 was considered significant. Minitab statistical software was used to
generate all results. In all ANOVA tables, df, Adj SS, and Adj MS correspond to degrees of
freedom, adjusted sum of squares, and adjusted mean squares, respectively.
4.5 Results
4.5.1 Anthropometric Characteristics
Table 1 demonstrates the summary of anthropometric measurements taken before the
experiment for all participants. The table also includes the MVC descriptive statistics results for
all participants.
4.5.2 Force Results
Descriptive statistics across all participants (N=8) for forces exerted at different levels of
predefined physical comfort are shown in Table 13.

84

Table 13: Isometric arm forces (and % MVC) at different levels of physical comfort
Comfort level

Arm force (N)
Mean

SD

Range

%MVC

Min

Max

Mean

Min

Max

Very low

68.08

28.58

19

117

56.97

15.89

97.9

Moderate

34.70

11.04

11

51

29.04

9.21

42.68

Fair

32.78

9.66

17

52

27.43

14.23

43.51

High

20.84

9.79

6

44

17.44

5.02

36.82

Very high

14.99

7.02

6

33

12.54

5.02

27.62

The isometric arm forces exerted at different levels of physical comfort significantly
differed. These results, based on ANOVA and Tukey pairwise comparison, are summarized in
Tables 14-15 and Figure 23.
Table 14: ANOVA table for the effect of comfort level on the exerted arm forces (N)
Source
Subject
Comfort level
Error
Total

df
7
4
28
39

Adj SS
3964
13580
4858
22402

Adj MS F-value
566.3
3.26
3394.9 19.57
173.5

p-value
0.012
0.000
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Table 15: Summary statistics for arm forces exerted at different levels of physical comfort
(Tukey pairwise comparison at 95% confidence level)
Comfort level

Mean

SD

Group

Very low

68.0750 28.58

A

Moderate

34.7000 11.04

B

Fair

32.7750 9.66

B

C

High

20.8375 9.79

B

C

Very high

14.9875 7.02

C

Figure 23: Significant differences among arm forces at different levels of physical comfort,
based on Turkey pairwise comparison. Here, comfort levels VL, M, F, HH, and VH correspond
to very low, moderate, fair, high, and very high, respectively.
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4.5.3 RPE Results
Descriptive statistics across all participants (N=8) for RPE scores at different levels of
predefined physical comfort are shown in Table 16.
Table 16: Descriptive statistics of RPE scores across all participants and all physical comfort
levels
Comfort level

RPE scores
Mean

SD

Range
Min

Max

Very low

15.46

1.79

13

20

Moderate

12.08

1.53

8

15

Fair

10

1.77

7

13

High

7.04

0.86

6

9

Very high

6.46

0.59

6

8

The RPE scores at different levels of physical comfort significantly differed. These
results, based on ANOVA and Tukey pairwise comparison, are summarized in Tables 17-18 and
Figure 24.
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Table 17: ANOVA table for the effect of comfort level on RPE scores
Source
Subject
Comfort level
Error

df
7
4
28

Adj SS
12.20
441.69
15.37

Total

39

469.26

Adj MS F-value
1.742
3.17
110.424 201.13
0.549

p-value
0.013
0.000

Table 18: Summary statistics for RPE scores at different levels of physical comfort (Tukey
pairwise comparison at 95% confidence level)
Comfort level

Mean

SD

Group

Very low

15.4583

1.79

A

Moderate

12.0833

1.53

Fair

10.0000

1.77

High

7.0417

0.86

D

Very high

6.4583

0.59

D

B

C

Figure 24: Significant differences among RPE scores at different levels of physical comfort
using Turkey pairwise comparison. Here, comfort levels VL, M, F, HH, and VH correspond to
very low, moderate, fair, high, and very high, respectively.
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For both arm forces and RPE scores, moderate is higher than fair which means the
participants perceived and applied more effort for moderate than fair comfort. This is illustrated
in the bar chart of Figure 25.

Figure 25: Arm forces and RPE score bar plots at different levels of physical comfort across all
participants (N=8). Here, comfort levels VL, M, F, HH, and VH correspond to very low,
moderate, fair, high, and very high, respectively.

4.5.4 EEG Results
4.5.4.1 ANOVA Results
Several EEG channels were found to significantly differ in spectral power for the
isometric force exerted at different physical comfort levels and MVC. These results, based on
ANOVA are summarized in Table 19 and Figure 26-27. Detailed ANOVA results for all of these
channels are shown in Appendix L.
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Table 19: ANOVA results for the effect of comfort levels and MVC on spectral power (dB) in
different channels
Channel

EEG
frequency

Spectral power (dB)
Very

Moderate

Fair

High

low

Very

F-

p-

value

value

high

Fp1

Beta

-9.88

-9.31

-9.71

-9.44

-9.29

2.61

.04

FC1

Beta

-9.54

-9.11

-9.09

-9.14

-8.88

2.45

.05

FC6

Gamma

-35.96

-36.14

-36.92

-36.29

-36.56

2.71

.04

C1

Beta

-10.96

-10.31

-10.34

-10.28

-10.09

2.59

.04

CP4

Beta

-10.59

-9.88

-10.23

-10.02

-9.58

2.45

.05

CPz

Beta

-10.69

-10.48

-10.49

-10.34

-10.41

2.53

.05

Pz

Beta

-9.34

-8.67

-8.72

-8.69

-8.48

2.44

.05

Beta power (dB)

-12
-10
-8
-6
-4
-2
Fp1

FC1

C1

CP4

CPz

Pz

Channels
VL

M

F

HH

VH

Figure 26: Channels with significant beta power at different levels of physical comfort. Here,
comfort levels VL, M, F, HH, and VH correspond to very low, moderate, fair, high, and very
high, respectively.
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FC6 gamma power (dB)

-37
-36.8
-36.6
-36.4
-36.2
-36
-35.8
-35.6
-35.4
VL

M

F

HH

VH

Comfort level

Figure 27: Significant gamma power in channel FC6 at different levels of physical comfort.
Here, comfort levels VL, M, F, HH, and VH correspond to very low, moderate, fair, high, and
very high, respectively.
4.5.4.2 Bar Plot and Topographic Map
The grand average of spectral power across all participants and all selected channels was
determined at different levels of physical comfort (Figure 28).
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Power spectral density (dB)

-1500
-1300
-1100
-900
-700
-500
-300
-100
VL

M

F

HH

VH

Comfort level
Theta

Alpha

Beta

Gamma

Figure 28: EEG spectral power vs comfort levels and MVC bar chart across all subjects (N=8)
and all channels. Here, comfort levels VL, M, F, HH, and VH correspond to very low, moderate,
fair, high, and very high, respectively.
We additionally plotted topographic head maps of spectral power, including all
participants and all channels. The plots are shown in Figure 29 at different levels of physical
comfort as well as MVC. Based on these plots, theta and alpha power were comparatively high
in frontal and parietal parts. In addition, beta and gamma power were higher in the frontal area,
parts of the central area, and parietal area.

92

Figure 29: Grand average topographic head maps of EEG spectral power (dB) for theta, alpha,
beta, and gamma at comfort levels and MVC. Here, blue and red indicate the minima and
maxima, respectively, of the corresponding scales. The columns represent levels of comfort and
MVC, whereas the rows correspond to EEG power from different frequency bands. Here,
comfort levels VL, M, F, HH, and VH correspond to very low, moderate, fair, high, and very
high, respectively.
4.5.4.3 Frontal Region
Among frontal channels, Tukey pairwise comparison analysis showed a higher theta
power at fair than high, and a higher beta power at very high than very low comfort in Fp1, Fpz,
F2, and F6. These results are demonstrated in Figure 30. In addition, the average PSD in frontal
channels was calculated and plotted against the entire frequency range from theta to gamma at all
comfort levels and MVC (Figure 31).
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Figure 30: Frontal channels’ (marked red) Tukey analysis results including significant EEG
frequency followed by the groups, based on the significant differences in mean power among
different levels of physical comfort/MVC. Means not sharing a letter are significantly different.
Comfort levels VL, M, F, HH, and VH correspond to very low, moderate, fair, high, and very
high, respectively.

Figure 31: Average PSD in frontal channels at different comfort levels and MVC. Comfort levels
VL, M, F, HH, and VH correspond to very low, moderate, fair, high, and very high, respectively
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4.5.4.4 Central Region
The significant central channels with a difference in EEG spectral power at different
comfort levels and MVC were FC1, FC6, C1, C3, C5, C6, CPz, and CP4. In this region, a higher
beta power at very high than very low, and a higher gamma power at fair than very low comfort
were observed after Tukey pairwise comparison analysis. Figure 32 summarizes these results. In
addition, the average PSD in central channels was calculated and plotted against the entire
frequency range from theta to gamma at all comfort levels and MVC (Figure 33).

95

Figure 32: Central channel (marked green) Tukey analysis results including significant EEG
frequency followed by the groups, based on the significant differences in mean power among
different physical comfort levels/MVC. Means not sharing a letter are significantly different.
Comfort levels VL, M, F, HH, and VH correspond to very low, moderate, fair, high, and very
high, respectively.
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Figure 33: Average PSD in central channels at different comfort levels and MVC. Comfort levels
VL, M, F, HH, and VH correspond to very low, moderate, fair, high, and very high, respectively.

4.5.4.5 Parietal Region
Pz was the only parietal channel with significantly higher beta power at very high than
very low comfort after Tukey analysis, as demonstrated in Figure 34. In addition, the average
PSD in central channels was calculated and plotted against the entire frequency range from theta
to gamma at all comfort levels and MVC (Figure 35).
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Figure 34: Parietal channel (marked blue) Tukey analysis results including significant EEG
frequency followed by the groups based on the significant differences in mean power among
different levels of physical comfort levels/MVC. Here, means not sharing a letter are
significantly different. Comfort levels VL, M, F, HH, and VH correspond to very low, moderate,
fair, high, and very high respectively.

Figure 35: Average PSD in parietal channels at different comfort levels and MVC. Comfort
levels VL, M, F, HH, and VH correspond to very low, moderate, fair, high, and very high,
respectively.
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4.5.4.6 Correlation Analysis
Channel-channel correlation analysis of spectral power was performed for significant
channels from Table 19. All these channel pairs showed mostly strong positive correlations in
EEG spectral power at different physical comfort levels. Table 20 demonstrates one of these
inter-channel correlation matrices for theta power at very low comfort. The other correlation
matrices of theta, alpha, beta, and gamma spectral power at different levels of comfort are shown
in Appendix M.
Table 20: Channel-channel correlation matrix of theta power for significant channels at very low
comfort. Here, * corresponds to a significant correlation with p ≤.05.
Theta power at very low comfort
Fp1
0.579

FC1

FC1

FC6

C1

CP4

FC6

0.754*

0.752*

C1

0.757*

0.914*

0.774*

CP4

0.817*

0.576

0.818*

0.793*

CPz

0.774*

0.859*

0.752*

0.967*

0.776*

Pz

0.830*

0.743*

0.951*

0.791*

0.874*

CPz

0.789*

Pearson correlation coefficients of EEG spectral power and arm forces at different levels
of physical comfort for all channels and all participants were determined. The theta power was
significantly correlated with force when the comfort levels were moderate and high. The alpha
power-force had a significant correlation at high comfort. Beta power and force were
significantly correlated at very low and moderate comfort. Finally, for gamma power, the
significant correlations were at very low, moderate, and high comfort. All these correlations were
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positive. Table 21 provides detailed results including the channels, regions, and EEG frequency
for which these correlations were found.
Table 21: Correlation coefficients between spectral power and arm forces in different frequency
bands and channels at different levels of physical comfort. Here, * sign corresponds to a
significant correlation with p ≤ .05.
Brain

Channel

region

EEG

EEG power-force correlation

frequency

coefficients (r)
Very low

Moderate

High

.733*

.721*

Frontal

AF3

Theta

Frontal

F5

Gamma

Central

FC4

Beta

.871*

Central

FC4

Gamma

.921*

Central

CP4

Gamma

Central

CP5

Alpha

.712*

Parietal

P1

Gamma

.717*

Parietal

P3

Theta

.775*

Parietal

P3

Alpha

.724*

Parietal

P5

Theta

Parietal

P5

Alpha

Parietal

P5

Beta

Parietal

P5

Gamma

.821*

Parietal

P6

Theta

.704*

.727*

.752*

.707*

.708*
.792*

.774*

Similarly, correlation coefficients between spectral power and RPE were also calculated.
In this case, theta power and RPE had significant negative correlation coefficients when the
comfort levels were fair, high, and very high. The alpha power-RPE had significant positive and
negative correlations at very low and very high comfort, respectively. Beta power and RPE
negatively correlated at a very high level of comfort. Finally, for gamma power, significant
negative correlations were found at fair, high, and very high comfort levels. Table 22 shows
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detailed results including the channels, regions, and EEG frequency for which these correlations
were found.
Table 22: Correlation coefficients between spectral power and RPE in different frequency bands
and channels at different levels of physical comfort. Here, * sign corresponds to a significant
correlation with p ≤ .05.
Brain

Channel

region

EEG

EEG power-RPE correlation coefficients (r)

frequency

Very low

Fair

High

Very high

Frontal

Fp1

Gamma

-.778*

Frontal

Fp2

Beta

-.729*

Frontal

Fp2

Gamma

-.764*

Frontal

Fpz

Gamma

Frontal

AF3

Gamma

Frontal

AF4

Theta

-.883*

Frontal

AFz

Theta

-.793*

Frontal

F1

Theta

-.754*

Frontal

F1

Gamma

Frontal

F2

Theta

Frontal

F3

Theta

-.700*

Frontal

F3

Gamma

-.722*

Frontal

F4

Theta

-.716*

Frontal

Fz

Theta

-.866*

Central

FC1

Theta

-.796*

Central

FC1

Gamma

-.937*

Central

FC3

Gamma

-.772*

Central

FC4

Alpha

Central

FCz

Theta

-.892*

Central

C1

Theta

-.803*

Central

C1

Alpha

-.749*

Central

C1

Gamma

-.854*

Central

C5

Theta

-.703*

Central

C5

Beta

-.703*

Central

CP2

Theta

-.799*

Central

CP2

Gamma

-.741*

-.710*
-.819*
-.717*

-.697*
-.754*

-.784*

.719*
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-.817*

-.739*

Brain

Channel

region

EEG

EEG power-RPE correlation coefficients (r)

frequency
Very low

Fair

High

Central

CPz

Theta

Parietal

P1

Theta

Parietal

P2

Gamma

Parietal

P3

Gamma

Parietal

P4

Theta

-.726*

Parietal

P4

Gamma

-.753*

Parietal

P5

Beta

Parietal

P5

Gamma

-.745*

Parietal

P6

Theta

-.775*

Very high

-.776*
-.746*
-.757*
-.717*

-.703*
-.777*

4.6 Discussion
4.6.1 Spectral Power at Different Levels of Comfort
The major aim of this study was to determine brain EEG activity, as measured by spectral
power (PSD) at different levels of physical comfort during isometric arm exertion. As
hypothesized, significant differences in EEG spectral power were observed at some predefined
levels of comfort. Kranczioch et al. (2008) have reported that reciprocal actions between neurons
and interneurons cause changes in the spectral power of EEG signals. The results of the study
revealed significant differences in theta, beta, and gamma power at different levels of comfort.
Theta power was significantly higher at fair than high comfort in F2 from the frontal region
(Figure 30). Beta power was greater at very high compared with very low comfort in channels
from the frontal, central, and parietal areas (Figure 30, 32, and 34). In CP4, gamma power was
higher at fair than very low comfort (Figure 32). In all regions, beta and gamma power were
significantly high for MVC compared with very low, fair, and very high comfort. Moreover, the
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beta and gamma power was greater at high and very high comfort levels. A summary of these
results is shown in Tables 23-24.
These results do not agree with a linear relation between EEG, perception of effort, force
levels, or exercise intensity (De Morree et al., 2012; Maceri, Cherup, & Hanson, 2019;
Slobounov et al., 2004). These findings may indicate that the perception of physical comfort
cannot be determined only by the exertion of force, and consequently, the influence of other
factors must be considered (Knight et al., 2002; Kuijt-Evers, Groenesteijn, Looze, & Vink,
2004). For example, on average, the participants applied a slightly higher force and perceived
greater effort at moderate than fair comfort, in contrast to the physical comfort scale proposed by
Karwowski (2018).
Furthermore, alternative results with no significant changes in cortical activity for
different intensity of exercise or force levels have been reported (Çakır, 2019; Chakarov et al.,
2009; Nakayashiki et al., 2014; Wang et al., 2017). Another factor that might have influenced the
results of this study is that before any trial, the participants were unaware of the level of comfort
at which they would be asked to exert force. This design minimized the learning effect (Falvo et
al., 2010; Green & Bavelier, 2008). Furthermore, the short duration and low intensity of the
isometric task performed by the participants could be considered to cause relatively less fatigue.
Mendez-Balbuena et al. (2013) have reported low alpha, beta, and gamma spectral power and
poor performance in the absence of predictability of force application.
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Table 23: Summarized results of EEG band frequencies. Significantly different comfort levels
are shown in terms of spectral power.
Brain region

Channel

EEG

Comfort levels and MVC with

frequency

significant spectral power
differences

Frontal

Fp1

Beta

MVC > Very low

Frontal

Fpz

Beta

MVC > Very low

Frontal

F6

Gamma

MVC > Fair

Central

FC1

Beta

MVC > Very low

Central

FC6

Gamma

MVC > Fair

Central

C5

Beta

MVC > Very low

Central

C6

Gamma

MVC > Very high

Central

CPz

Beta

MVC > Very low

4.6.2 Theta Power at Different Comfort Levels
The theta band frequency is responsible for processing working memory, regulating
emotion, processing new information, and focusing concentration (Jacobs et al., 2006; Khader et
al., 2010; Klimesch, 1999; Mari-Acevedo et al., 2019). In this study, the high theta power at fair
comfort (Table 23) reflected all aspects of mental effort necessary to process information. The
theta power was significantly high in the frontal F2 channel, thus indicating more cognition and
planning in this region. This finding may be associated with studies reporting the role of frontal
theta near the midline in sustaining attention and precise top-down processing of perception
(Chuang et al., 2013; Doppelmayr et al., 2008). In addition, theta power was relatively more
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prominent in the frontal and parietal regions (Figure 29). Fronto-parietal theta frequency is
indicative of visuospatial information processing, perceptual regulation, intersensory
reorientation, and attentional modulation (Misselhorn et al., 2019; Morgan et al., 2013).
4.6.3 Alpha Power at Different Comfort Levels
Alpha frequency inhibits cortical activation and is observed during the wakeful resting
state (Baumeister et al., 2012; Kirstein, 2007; Niedermeyer and da Silva, 2005). It also plays a
role in information processing, control, and basic cognition (Klimesch, 2012). Fronto-parietal
alpha is responsible for visuospatial information processing, perceptual regulation, intersensory
reorientation, and attentional modulation (Misselhorn et al., 2019; Morgan et al., 2013). These
findings may explain the overall high alpha power observed in the frontal and parietal areas
across all channels (Figure 29). However, we did not find any significant difference in alpha
power at different comfort levels.
4.6.4 Beta Power at Different Comfort Levels
The beta band frequency influences decision-making through sensorimotor signals and
overall motor control (S C Ng & Raveendran, 2011; Y. Zhang et al., 2008). Moreover, Baker
(2007) has reported that beta oscillations aid in somatosensory feedback to the central nervous
system. Beta band activity has also been reported during simple and static contractions (Aumann
& Prut, 2015; Grafton & Tipper, 2012). Kristeva et al. (2007) have demonstrated that high beta
power is associated with task performance for static hand exertion. Furthermore, frontal, central
motor, and parietal beta rhythms are associated with stimulus assessment and decision-making,
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sensorimotor and movement control, and working memory accumulation, respectively
(Gelastopoulos et al., 2019; Kropotov, 2009, 2016; Pfurtscheller et al., 1997). These findings
may be associated with the higher beta power at very high than very low comfort in the central
C1, C3, CP4, and parietal Pz channels (Table 23). Thus, greater sensorimotor, performance
monitoring and decision-making effort are needed to exert a force at very high comfort. Another
reason for this finding may be that female brain rhythms have more pronounced beta power (Van
Putten et al., 2018). Hence, given the low amount of force exerted at very high comfort and in a
semi-idle state, the beta power was higher.
4.6.5 Gamma Power at Different Comfort Levels
Gamma frequency is associated with vigilance, information processing, and perception
(Borgers, Epstein, & Kopell, 2005; Castelhano, Rebola, Leitao, Rodriguez, & Castelo-Branco,
2013; Reis, Hebenstreit, Gabsteiger, von Tscharner, & Lochmann, 2014). Our results indicated
that the gamma power was significantly high at fair compared with very low comfort in central
CP4 (Table 23). Our findings indicate that more perceptual effort is necessary to process
information at fair comfort. Furthermore, frontal, central, and parietal gamma have been reported
to be associated with cognitive regulation of emotion, movement and muscle sensitivity control,
and cognitive coordination, respectively (Kang et al., 2014; Michael-Titus et al., 2010; Morgan
et al., 2011; Swetenburg et al., 2017), in agreement with the findings from our topographic maps
in which gamma power was more active in frontal, central motor, and parietal areas (Figure 29).
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4.6.6 Spectral Power at MVC
The isometric exertion in this study can be categorized as a muscular activity with low
mobility (Rahman et al., 2019). Beta and gamma frequencies are significantly active during these
activities, thus indicating motor circuit activation (Amo et al., 2016; Feige et al., 2000; Ushiyama
et al., 2017; Zaepffel et al., 2013). Furthermore, the cortical motor areas and muscles are known
to present synchronized beta and gamma waves during sustained motor contraction (Baker,
2007). In this study, beta power for MVC was higher than that at very low comfort in the frontal
and central channels which reflects these findings (Table 24). In addition, gamma frequency
increases during high level of exertion and contributes to synchronizing attention for movement
(Funk & Epstein, 2004; Mima et al., 1999). Cao et al. (2015) have demonstrated high gamma
power at a force exerted near the MVC in the frontal, central, and parietal channels. These
findings are consistent with the significantly higher gamma power at MVC than at fair and very
high comfort levels (Table 24).
Table 24: Summarized results of EEG band frequencies with MVC and comfort levels.
Significantly different comfort levels and MVC are shown in terms of spectral power.
Brain region

Channel

EEG frequency

Comfort levels and MVC with
significant spectral power differences

Frontal

Fp1

Beta

MVC > Very low

Frontal

Fpz

Beta

MVC > Very low

Frontal

F6

Gamma

MVC > Fair

Central

FC1

Beta

MVC > Very low

Central

FC6

Gamma

MVC > Fair
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Brain region

Channel

EEG frequency

Comfort levels and MVC with
significant spectral power differences

Central

C5

Beta

MVC > Very low

Central

C6

Gamma

MVC > Very high

Central

CPz

Beta

MVC > Very low

4.6.7 Inter-channel Correlation of EEG Spectral Power at Different Physical Comfort Levels
Inter-channel correlation is associated with neural synchronization and can be useful in
functional connectivity analysis, feature extraction, and signal reconstruction (Bonita et al.,
2014; D’iaz et al., 2015; M. M. Rahman & Fattah, 2020; Shukla & Majumdar, 2015). D’iaz et al.
(2015) reported inter-channel correlation coefficients for beta and gamma frequencies, thus
demonstrating a difference in processing neural information in a progressively difficult cognitive
task. The study also reported a decrease in correlation coefficients with increasing cognitive
difficulty indicating a reduction in brain synchronization. In addition, beta correlation values are
more sensitive to difficulty levels. In this study, high positive correlation coefficients were
observed in most inter-channel correlations at different levels of comfort, primarily showing
good synchronization in these channels (Table 20 and Appendix M). The less cognitive demand
of the assigned task could explain the high positive correlations and more brain synchronization.
In general, brain synchronization has a role in speaking and listening, sleeping and waking, human
consciousness, social interaction, and so on (Dumas et al., 2010; Landwehr et al., 2014; Pérez et al.,

2017; Valencia & Froese, 2020). Because the task was physical and not based on cognitive
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difficulty, further studies involving elaborate functional connectivity analysis, as also
recommended by Bonita et al. (2014), would provide more information.
4.6.8 Correlation of EEG Spectral Power and Force at Different Comfort Levels
Previous studies have shown that EEG signatures correlate with force level, force rate,
fatigue, and movement of muscles (D.-E. Kim et al., 2013; Lattari et al., 2014; Jing Z Liu et al.,
2005; Mima et al., 1999; B. Yao et al., 2009). Our results showed a significant positive
correlation between EEG band power and force at three comfort levels: very low, moderate, and
high (Table 21). At very low comfort, the exerted force correlated with the beta and gamma
power in the central channel, thus reflecting motor activity, as discussed before (Amo et al.,
2016; Feige et al., 2000; Ushiyama et al., 2017; Zaepffel et al., 2013). At moderate comfort, the
correlation was found with theta power in the frontal region; theta and beta power in the parietal
region; and gamma power in central channels. Therefore, moderate comfort resulted in more
attentional, cognitive, sensorimotor, and perceptual effort along with force (Borgers et al., 2005;
Castelhano et al., 2013; Jacobs et al., 2006; Khader et al., 2010; Klimesch, 1999; Mari-Acevedo
et al., 2019; S C Ng & Raveendran, 2011; Reis et al., 2014; Y. Zhang et al., 2008). Finally, when
the comfort level was high, theta power significantly correlated with force in the frontal and
parietal areas; alpha power in the central and parietal areas; and gamma power in the frontal and
parietal channels. Therefore, high comfort was associated with more effort for cognition and
perception, thus reflecting the correlation with theta, alpha, and gamma power (Teplan, 2002).
Furthermore, more parietal channels showed significant force-EEG power correlation at high and
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moderate comfort. Because the parietal region is responsible for attention, perception, and
awareness, these correlations appear to be justified (Ward, 2015).
4.6.9 Correlation of EEG Spectral Power and RPE at Different Comfort Levels
EEG signatures are also correlated with perceived exertion and fatigue (De Morree et al.,
2012; Guo, Sun, & Zhang, 2017; Nybo & Nielsen, 2001). A significant correlation between EEG
spectral power and RPE in different channels was observed at different levels of physical
comfort (Table 22). Theta power and RPE had significant negative correlation coefficients when
the comfort levels were fair, high, and very high in the frontal, central, and parietal areas of the
brain. Alpha power and RPE showed significant positive correlations at very low comfort,
whereas a negative correlation with very high comfort was observed in central channels. EEG
MRCP amplitudes have been observed to correlate positively in central motor areas when the
perception of exertion and fatigue is high (De Morree et al., 2012; Guo et al., 2017). Hence, the
positive correlation with alpha power in central areas at very low comfort is justified.
Nevertheless, the beta power correlated negatively with RPE at very high comfort in the frontal,
central, and parietal channels. Finally, at fair, high, and very high comfort levels, negative
gamma power-RPE correlations were found in all three regions of the brain.
From these results and previous findings, we conclude that at high comfort, the
perception of effort along with fatigue is lower (De Morree et al., 2012; Guo et al., 2017; Nybo
& Nielsen, 2001). Hence, a negative correlation exists with EEG spectral power in fair, high, and
very high levels of comfort. In addition, because the isometric arm exertion in this study was not
very intense or exhausting, the overall low fatigue might have affected the non-significant
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power-RPE correlations at lower levels of comfort. Consequently, the relationship between brain
activity and force while perceiving comfort and deciding the level of force might potentially be
non-linear (J Z Liu et al., 2005a; B. Yao et al., 2009). Further studies considering physical
comfort are needed to confirm such a scenario.
4.6.10 Conclusions
In the present study, learning effects in each participant were minimized by providing a
random sequence of the comfort levels unknown to the participant. However, people sometimes
perform the same task repeatedly in work and everyday life, and this process is affected by brain
plasticity. Future researchers may consider experiments involving many consecutive trials at the
same level of comfort to assess whether a difference exists in the results.
Finally, because physical comfort in terms of EEG signatures is a relatively unexplored
field, more research must be conducted. Comparisons among different age groups, fitness levels,
genders, and isometric tasks involving other body parts, e.g., the legs and torso, as well as
isokinetic tasks should be investigated by future researchers. Furthermore, because the brain is a
complex structure, nonlinear and functional connectivity analysis considering comfort and
consequent force application are additional research prospects.
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CHAPTER 5: CONCLUSION
In the first experiment of this study, changes in the EEG PSD and force along with
perceived physical comfort were investigated for different physical exertion levels during an
isometric arm exertion task. We observed a significant difference in applied force and RPPC
scores for the various exertion levels. We found a significant correlation between all EEG band
powers and force at higher exertion levels. In addition, a higher EEG power was observed for all
frequency bands at high exertion levels and MVC. Further studies should be performed in both
the laboratory and real-life scenarios to understand better brain behavior for this type of
isometric exertions.
In the second experiment, changes in EEG spectral power, force, and the perception of
effort at predefined comfort levels were investigated during isometric arm exertion. To our
knowledge, this is the first EEG experiment considering physical comfort level as a factor in this
type of muscular activity. We found a higher theta power at fair comfort, thus indicating more
cognitive effort. This finding was associated with significantly higher beta power at very high
than very low comfort, representing greater sensorimotor effort. In addition, greater perceptual
and information processing efforts were reflected in high levels of gamma power at fair than
very low comfort. In all other cases showing a significant difference, the MVC demonstrated
higher beta and gamma power than other physical comfort levels.
Additional analyses revealed significant differences in arm forces and RPE scores at
comfort levels of very low and very low, fair, and moderate. We found a significant correlation
between EEG spectral power with force at three different comfort levels, i.e., very low,
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moderate, and high. Furthermore, EEG power-RPE correlations were also observed at very low,
fair, high, and very high comfort levels. Here, higher levels of comfort showed negative EEG
power-RPE correlations. We suggest that the EEG measures at different physical comfort levels
are unique and are probably affected by the compounded effects of psychological, genderspecific, and experimental factors. Hence, further investigations regarding the neural behavior of
physical comfort associated with physical exertions are recommended.
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APPENDIX A: THE BORG SCALE OF PERCEIVED EXERTION (BORG,
1982)
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APPENDIX B: BORG CATEGORY RATIO (BORG CR-10) (BORG, 1990)
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APPENDIX C: RATING OF PERCEIVED COMFORT (HERNANDEZ ET
AL., 2002)
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APPENDIX D: RATE OF PERCEIVED PHYSICAL COMFORT (RPPC)
SCALE (KARWOWSKI, 2018)
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0

No comfort

1

Very low comfort

2
3

Fair comfort

4
5

Moderate comfort

6

More than moderate comfort

7
8

High comfort

9
10

Very high comfort
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APPENDIX E: MEDICAL SCREENING
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Please circle each of the following medical screening. It will help to determine your
eligibility to participate in this experiment. Please be indicated that your participation is
voluntary, and you may choose not to answer all questions. Please feel to refer to your copy of
the consent form for more details.
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APPENDIX F: ANTHROPOMETRIC AND STRENGTH
MEASUREMENTS
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Variable

Value

Age (years)
Body weight (kg)
Height (cm)
Shoulder height (cm)
Hip height (cm)
Knee height (cm)
Arm height (cm)
Knuckle height (cm)
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APPENDIX G: DATA COLLECTION
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Session 1: MVC
Exert the maximum force you can by pulling on the bar as hard as you can without
jerking.

Session 2: Given exertion level rate RPC
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Session 3: Given comfort level rate RPE
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APPENDIX H: ISOMETRIC STRENGTH TEST INSTRUCTIONS
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Before starting your first trial, you will be provided the following instructions based on
the protocol by Chaffin et al. (1978).
"In this task, the measurement of the maximum isometric strength of your arm and leg
will take place using Jackson Strength Evaluation System (Figure H.1). Here you will be
requested to exert a resistance force without any movements. Jackson strength evaluation system
will measure your maximum force. "

Figure H.1: Jackson Strength Evaluation System
“You will be requested to lift the chain as depicted in figure 3.1 to measure your arm and
leg isometric strengths.”
"This task will be demonstrated to you. Please ask questions if further clarification is
needed"
''There will be four attempts for each area. The first attempt is to warm up and will not be
counted. You will be given only almost 50% effort. This will guide you to know what you are
going to do."
''After that, you will have three attempts for each area. You are required to do your best
on all of them as your score will be the average among the three trials."
"During each trial, you will rest for one minute or until you are ready. Once you are
ready, wait for the tone from the software and then exert maximum force without jerk for 1-4
seconds then maintain a steady state of exertion for 3-4 seconds. You will have a rest of 30 secs
to two minutes between each of the test areas”
''Remember always you are required to stop if you were instructed to do so, this is
applicable even if there is no clear reason to do it. Also, if you feel pain or discomfort, stop
exerting force immediately"
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APPENDIX I: IRB APPROVAL
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Institutional Review Board
FWA00000351
IRB00001138Office of
Research12201 Research Parkway
Orlando, FL 32826-3246

APPROVAL
August 5, 2019
Dear Raul Fernandez Sumano:
On 8/5/2019, the IRB reviewed the following submission:
Type of Review: Initial Study
Title: THE CORRELATION BETWEEN EEG SIGNATURES
ASSOCIATED WITH PERCEPTIONS WITH MANUAL
MATERIALS HANDLING TASKS
Investigator: Raul Fernandez Sumano
IRB ID: STUDY00000535
Funding: None
Grant ID: None
IND, IDE, or HDE: None
Documents Reviewed: • Faculty Advisor Signed, Category: Faculty Research
Approval;
• Appendix July 16 2019, Category: Other;
• Consent July 126 2019, Category: Consent Form;
• Flyer Female July 26 2019, Category: Recruitment
Materials;
• Flyer Male July 26 2019, Category: Recruitment
Materials;
• Protocol July 126 2019, Category: IRB Protocol;
The IRB approved the protocol on 8/5/2019.
In conducting this protocol, you are required to follow the requirements listed in the
Investigator Manual (HRP-103), which can be found by navigating to the IRB Library
within the IRB system.
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If you have any questions, please contact the UCF IRB at 407-823-2901 or
irb@ucf.edu. Please include your project title and IRB number in all
correspondence with this office.

Gillian Morien
Designated Reviewer
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APPENDIX J: ANOVA TABLES OF SIGNIFICANT CHANNELS
(EXPERIMENT I)

136

Table J.1 ANOVA table for AF3 theta power

Source
Subject
Exertion level
Error
Total

Adj
SS
298.03
10.58
27.31
335.92

df
7
5
35
47

Adj MS
42.5756
2.1163
0.7802

Fvalue
54.57
2.71

pvalue
0.000
0.036

Table J.2 ANOVA table for Fp2 gamma power

Source
Subject
Exertion level
Error
Total

df
7
5
35
47

Adj
SS
378.51
16.12
27.12
421.75

Adj MS
54.0723
3.2243
0.7749

Fvalue
69.78
4.16

pvalue
0.000
0.005

Table J.3 ANOVA table for F6 gamma power
Source
Subject
Exertion level
Error
Total

df
7
5
35
47

Adj
SS
155.18
27.03
36.62
218.82

Adj
MS
22.168
5.405
1.046

Fvalue
21.19
5.17

pvalue
0.000
0.001

Fvalue
56.22
2.78

pvalue
0.000
0.032

Table J.4 ANOVA table for FC5 gamma power

Source
Subject
Exertion level
Error
Total

df
7
5
35
47

Adj
SS
485.43
17.14
43.17
545.74

Adj
MS
69.347
3.428
1.233
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Table J.5 ANOVA table for FC6 gamma power

Source
Subject
Exertion level
Error
Total

df
7
5
35
47

Adj
SS
153.99
32.15
38.75
224.89

Adj
MS
21.999
6.429
1.107

Fvalue
19.87
5.81

pvalue
0.000
0.001

Fvalue
15.27
2.71

pvalue
0.000
0.036

Table J.6 ANOVA table for C6 gamma power

Source
Subject
Exertion level
Error
Total

df
7
5
35
47

Adj
SS
162.69
20.64
53.28
236.62

Adj
MS
23.242
4.129
1.522

Table J.7 ANOVA table for CP2 beta power

Source
Subject
Exertion level
Error
Total

df
7
5
35
47

Adj SS
346.519
2.499
4.504
353.522

Adj MS
49.5027
0.4998
0.1287

Fvalue
384.64
3.88

pvalue
0.000
0.007

Table J.8 ANOVA table for CP3 gamma power

Source
Subject
Exertion level
Error
Total

df
7
5
35
47

Adj
SS
320.35
15.32
42.06
377.73

Adj
MS
45.764
3.065
1.202
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Fvalue
38.08
2.55

pvalue
0.000
0.045

Table J.9 ANOVA table for CP5 gamma power

Source
Subject
Exertion level
Error
Total

df
7
5
35
47

Adj
SS
341.94
29.63
55.30
426.88

Adj
MS
48.849
5.927
1.580

Fvalue
30.92
3.75

pvalue
0.000
0.008

Table J.10 ANOVA table for CPz gamma power

Source
Subject
Exertion level
Error
Total

df
7
5
35
47

Adj SS
390.693
4.812
11.466
406.971

Adj MS
55.8133
0.9624
0.3276

Fvalue
170.37
2.94

pvalue
0.000
0.026

Table J.11 ANOVA table for P1 gamma power

Source
Subject
Exertion level
Error
Total

df
7
5
35
47

Adj
SS
316.10
16.68
38.26
371.04

Adj
MS
45.157
3.337
1.093

Fvalue
41.31
3.05

pvalue
0.000
0.022

Fvalue
39.44
2.71

pvalue
0.000
0.036

Table J.12 ANOVA table for P3 gamma power

Source
Subject
Exertion level
Error
Total

df
7
5
35
47

Adj
SS
278.95
13.68
35.37
327.99

Adj
MS
39.850
2.736
1.010
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Table C.13 ANOVA table for Pz gamma power

Source
Subject
Exertion level
Error
Total

df
7
5
35
47

Adj
SS
231.31
18.51
42.52
292.35

Adj
MS
33.044
3.703
1.215
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Fvalue
27.20
3.05

pvalue
0.000
0.022

APPENDIX K: INTER-CHANNEL CORRELATION MATRICES
(EXPERIMENT I)

141

Channel correlations for EEG spectral power at different levels of exertion. * indicates a
significant correlation, with p ≤ 0.05.
Theta power
Light
Theta
Fp2
F6
FC5
FC6
C6
CP2
CP3
CP5
CPz
P1
P3
Pz

AF3 Fp2
F6
FC5 FC6 C6
CP2 CP3 CP5 CPz P1
P3
0.720*
0.878* 0.878*
0.827* 0.842* 0.949*
0.823* 0.850* 0.975* 0.962*
0.762* 0.823* 0.907* 0.962* 0.955*
0.766* 0.871* 0.783* 0.804* 0.745* 0.831*
0.933* 0.698* 0.814* 0.755* 0.784* 0.755* 0.779*
0.933* 0.812* 0.900* 0.886* 0.872* 0.894* 0.920* 0.929*
0.571 0.847* 0.652 0.663 0.616 0.726* 0.959* 0.616 0.786*
0.870* 0.735* 0.817* 0.765* 0.816* 0.754* 0.698* 0.958* 0.851* 0.544
0.932* 0.773* 0.928* 0.847* 0.917* 0.818* 0.692 0.928* 0.887* 0.521 0.946*
0.888* 0.815* 0.819* 0.783* 0.803* 0.788* 0.842* 0.966* 0.917* 0.720* 0.967* 0.909*

Somewhat hard
Theta
Fp2
F6
FC5
FC6
C6
CP2
CP3
CP5
CPz
P1
P3
Pz

AF3 FFp2 FF6 FFC5 FFC6 CC6 CCP2 CCP3 CCP5 CCPz PP1 PP3
0.791*
0.892* 0.960*
0.823* 0.867* 0.911*
0.829* 0.947* 0.974* 0.903*
0.721* 0.877* 0.907* 0.857* 0.956*
0.660 0.933* 0.857* 0.684 0.817* 0.783*
0.929* 0.897* 0.959* 0.823* 0.932* 0.873* 0.835*
0.796* 0.966* 0.965* 0.884* 0.953* 0.932* 0.925* 0.933*
0.512 0.830* 0.742* 0.538 0.707* 0.742* 0.948* 0.717* 0.830*
0.876* 0.886* 0.932* 0.801* 0.923* 0.856* 0.834* 0.982* 0.930* 0.684
0.912* 0.910* 0.958* 0.860* 0.959* 0.868* 0.795* 0.976* 0.920* 0.633 0.980*
0.847* 0.952* 0.953* 0.778* 0.912* 0.829* 0.938* 0.960* 0.952* 0.824* 0.956* 0.941*
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Hard
Theta
Fp2
F6
FC5
FC6
C6
CP2
CP3
CP5
CPz
P1
P3
Pz

AF3 Fp2
F6
FC5 FC6 C6
CP2 CP3
0.749*
0.871* 0.937*
0.771* 0.869* 0.938*
0.748* 0.922* 0.935* 0.941*
0.531 0.832* 0.772* 0.756* 0.926*
0.769* 0.969* 0.892* 0.768* 0.867* 0.813*
0.776* 0.779* 0.782* 0.661 0.843* 0.863* 0.828*
0.756* 0.917* 0.905* 0.843* 0.970* 0.954* 0.910* 0.935*
0.610 0.873* 0.732* 0.601 0.767* 0.812* 0.953* 0.799*
0.932* 0.813* 0.877* 0.712* 0.783* 0.658 0.837* 0.892*
0.895* 0.875* 0.919* 0.813* 0.874* 0.746* 0.857* 0.889*
0.907* 0.849* 0.854* 0.661 0.727* 0.600 0.909* 0.820*

CP5

CPz

P1

P3

0.852*
0.844* 0.702*
0.894* 0.711* 0.968*
0.797* 0.810* 0.953* 0.906*

Extremely hard
Theta
Fp2
F6
FC5
FC6
C6
CP2
CP3
CP5
CPz
P1
P3
Pz

AF3 Fp2
F6
0.708*
0.849* 0.904*
0.907* 0.831* 0.946*
0.864* 0.905* 0.977*
0.763* 0.776* 0.887*
0.720* 0.937* 0.834*
0.895* 0.858* 0.915*
0.872* 0.862* 0.948*
0.528 0.930* 0.758*
0.856* 0.817* 0.865*
0.968* 0.740* 0.869*
0.821* 0.902* 0.856*

FC5

FC6

C6

CP2

CP3

CP5

CPz

P1

P3

0.951*
0.781* 0.908*
0.746* 0.809* 0.720*
0.875* 0.860* 0.749* 0.885*
0.864* 0.927* 0.938* 0.870* 0.924*
0.619 0.739* 0.693 0.958* 0.754* 0.790*
0.903* 0.819* 0.638 0.782* 0.940* 0.825* 0.653
0.947* 0.868* 0.718* 0.702* 0.907* 0.847* 0.527 0.942*
0.848* 0.830* 0.692 0.894* 0.942* 0.866* 0.811* 0.960* 0.880*
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Alpha power
Extremely light
Alpha
Fp2
F6
FC5
FC6
C6
CP2
CP3
CP5
CPz
P1
P3
Pz

AF3 Fp2
F6
FC5 FC6
0.800*
0.880* 0.943*
0.905* 0.951* 0.947*
0.887* 0.941* 0.990* 0.940*
0.800* 0.916* 0.931* 0.925* 0.951*
0.813* 0.984* 0.932* 0.961* 0.938*
0.950* 0.751* 0.866* 0.854* 0.886*
0.956* 0.865* 0.913* 0.951* 0.913*
0.710* 0.918* 0.866* 0.856* 0.878*
0.938* 0.868* 0.960* 0.929* 0.972*
0.963* 0.841* 0.940* 0.904* 0.952*
0.896* 0.955* 0.980* 0.951* 0.989*

C6

CP2

CP3

CP5

CPz

P1

P3

0.938*
0.845* 0.800*
0.885* 0.904* 0.959*
0.882* 0.956* 0.765* 0.848*
0.907* 0.876* 0.920* 0.921* 0.783*
0.857* 0.837* 0.924* 0.913* 0.736* 0.990*
0.922* 0.954* 0.869* 0.916* 0.891* 0.967* 0.951*

Light
Alpha
Fp2
F6
FC5
FC6
C6
CP2
CP3
CP5
CPz
P1
P3
Pz

AF3 Fp2
F6
FC5 FC6
0.856*
0.897* 0.966*
0.937* 0.947* 0.973*
0.898* 0.950* 0.992* 0.969*
0.823* 0.869* 0.925* 0.911* 0.963*
0.857* 0.977* 0.960* 0.946* 0.967*
0.871* 0.777* 0.853* 0.868* 0.902*
0.933* 0.841* 0.898* 0.942* 0.934*
0.679 0.897* 0.828* 0.792* 0.851*
0.876* 0.951* 0.968* 0.947* 0.972*
0.929* 0.877* 0.938* 0.918* 0.940*
0.824* 0.977* 0.951* 0.915* 0.955*

C6

CP2

CP3

CP5

CPz

P1

P3

0.931*
0.936* 0.824*
0.943* 0.886* 0.971*
0.844* 0.940* 0.708* 0.749*
0.925* 0.932* 0.905* 0.912* 0.823*
0.877* 0.855* 0.922* 0.915* 0.693* 0.962*
0.911* 0.968* 0.840* 0.859* 0.918* 0.974* 0.897*
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Somewhat hard
Alpha
Fp2
F6
FC5
FC6
C6
CP2
CP3
CP5
CPz
P1
P3
Pz

AF3
0.854*
0.922*
0.916*
0.912*
0.820*
0.789*
0.869*
0.913*
0.630
0.935*
0.975*
0.879*

Fp2

F6

FC5

FC6

C6

CP2

CP3

CP5

CPz

P1

P3

0.975*
0.953*
0.986*
0.946*
0.938*
0.848*
0.910*
0.879*
0.943*
0.910*
0.968*

0.971*
0.986*
0.920*
0.899*
0.869*
0.933*
0.796*
0.951*
0.952*
0.941*

0.969*
0.921*
0.934*
0.896*
0.965*
0.817*
0.950*
0.922*
0.934*

0.954*
0.937*
0.909*
0.954*
0.865*
0.979*
0.960*
0.979*

0.979*
0.932*
0.950*
0.940*
0.949*
0.879*
0.979*

0.924*
0.951*
0.960*
0.915*
0.833*
0.953*

0.980*
0.862*
0.930*
0.898*
0.914*

0.859*
0.961* 0.832*
0.928* 0.727* 0.974*
0.943* 0.900* 0.981* 0.933*

Fp2

F6

FC5

FC6

C6

CP2

CP3

CP5

0.979*
0.930*
0.943*
0.840*
0.971*
0.764*
0.857*
0.902*
0.903*
0.874*
0.959*

0.960*
0.984*
0.900*
0.976*
0.853*
0.922*
0.877*
0.968*
0.951*
0.987*

0.930*
0.831*
0.938*
0.828*
0.902*
0.792*
0.954*
0.919*
0.956*

0.960*
0.967*
0.898*
0.956*
0.889*
0.973*
0.967*
0.977*

0.911*
0.923*
0.963*
0.887*
0.914*
0.927*
0.900*

0.881*
0.940*
0.945*
0.946*
0.919*
0.981*

0.970*
0.813*
0.931*
0.941*
0.883*

0.861*
0.955* 0.821*
0.968* 0.792* 0.982*
0.938* 0.876* 0.977* 0.950*

Hard
Alpha
Fp2
F6
FC5
FC6
C6
CP2
CP3
CP5
CPz
P1
P3
Pz

AF3
0.898*
0.941*
0.939*
0.905*
0.794*
0.917*
0.870*
0.899*
0.756*
0.951*
0.947*
0.951*

145

CPz

P1

P3

Extremely hard
Alpha
Fp2
F6
FC5
FC6
C6
CP2
CP3
CP5
CPz
P1
P3
Pz

AF3
0.843*
0.939*
0.948*
0.922*
0.763*
0.835*
0.927*
0.947*
0.761*
0.961*
0.963*
0.956*

Fp2

F6

FC5

FC6

C6

CP2

CP3

CP5

CPz

P1

P3

0.948*
0.935*
0.919*
0.733*
0.934*
0.655*
0.772*
0.870*
0.832*
0.761*
0.929*

0.982*
0.977*
0.794*
0.882*
0.811*
0.884*
0.795*
0.952*
0.911*
0.971*

0.968*
0.822*
0.931*
0.851*
0.919*
0.870*
0.963*
0.900*
0.985*

0.899*
0.901*
0.858*
0.928*
0.818*
0.935*
0.929*
0.949*

0.834*
0.841*
0.903*
0.758*
0.774*
0.824*
0.762*

0.743*
0.850*
0.970*
0.815*
0.749*
0.912*

0.973*
0.687
0.909*
0.954*
0.842*

0.773*
0.920* 0.761*
0.958* 0.653 0.949*
0.895* 0.872* 0.962* 0.896*

Beta power
Extremely light
Beta
Fp2
F6
FC5
FC6
C6
CP2
CP3
CP5
CPz
P1
P3
Pz

AF3 Fp2
0.797*
0.909* 0.933*
0.856* 0.864*
0.897* 0.931*
0.724* 0.799*
0.888* 0.911*
0.964* 0.802*
0.930* 0.837*
0.774* 0.883*
0.866* 0.779*
0.963* 0.845*
0.864* 0.854*

F6

FC5

FC6

C6

CP2

CP3

0.936*
0.992* 0.904*
0.899* 0.806* 0.927*
0.972* 0.928* 0.952* 0.868*
0.922* 0.882* 0.910* 0.806* 0.949*
0.959* 0.955* 0.934* 0.845* 0.970* 0.970*
0.916* 0.792* 0.906* 0.857* 0.952* 0.852*
0.828* 0.859* 0.812* 0.710* 0.898* 0.934*
0.904* 0.897* 0.896* 0.746* 0.916* 0.969*
0.860* 0.845* 0.839* 0.708* 0.937* 0.929*
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CP5

CPz

P1

P3

0.865*
0.889* 0.784*
0.934* 0.784* 0.955*
0.891* 0.866* 0.971* 0.941*

Light
Beta
Fp2
F6
FC5
FC6
C6
CP2
CP3
CP5
CPz
P1
P3
Pz

AF3
0.825*
0.963*
0.906*
0.960*
0.844*
0.922*
0.949*
0.957*
0.806*
0.855*
0.949*
0.861*

Fp2

F6

FC5

FC6

C6

CP2

CP3

CP5

CPz

P1

P3

0.899*
0.833*
0.912*
0.823*
0.915*
0.762*
0.829*
0.928*
0.724*
0.792*
0.864*

0.915*
0.993*
0.915*
0.943*
0.913*
0.959*
0.911*
0.798*
0.883*
0.844*

0.910*
0.835*
0.928*
0.891*
0.947*
0.814*
0.893*
0.902*
0.882*

0.941*
0.944*
0.918*
0.955*
0.909*
0.814*
0.897*
0.857*

0.867*
0.868*
0.893*
0.884*
0.763*
0.803*
0.769*

0.943*
0.966*
0.939*
0.917*
0.942*
0.971*

0.976*
0.828*
0.943*
0.974*
0.914*

0.879*
0.910* 0.751*
0.951* 0.783* 0.965*
0.910* 0.864* 0.954* 0.950*

Somewhat hard
Beta
Fp2
F6
FC5
FC6
C6
CP2
CP3
CP5
CPz
P1
P3
Pz

AF3
0.768*
0.891*
0.877*
0.828*
0.723*
0.806*
0.946*
0.897*
0.664
0.818*
0.942*
0.841*

Fp2

F6

FC5

FC6

C6

CP2

CP3

CP5

0.936*
0.880*
0.980*
0.947*
0.968*
0.854*
0.941*
0.933*
0.772*
0.856*
0.901*

0.930*
0.965*
0.903*
0.932*
0.909*
0.957*
0.872*
0.780*
0.880*
0.870*

0.895*
0.863*
0.906*
0.855*
0.929*
0.805*
0.838*
0.899*
0.849*

0.962*
0.932*
0.864*
0.934*
0.880*
0.756*
0.871*
0.878*

0.901*
0.776*
0.868*
0.888*
0.713*
0.777*
0.841*

0.915*
0.974*
0.966*
0.842*
0.878*
0.948*

0.960*
0.831*
0.849*
0.932*
0.934*

0.909*
0.812* 0.727*
0.911* 0.734* 0.931*
0.918* 0.881* 0.943* 0.935*
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CPz

P1

P3

Hard
Beta
Fp2
F6
FC5
FC6
C6
CP2
CP3
CP5
CPz
P1
P3
Pz

AF3
0.833*
0.920*
0.850*
0.884*
0.729*
0.875*
0.953*
0.924*
0.774*
0.884*
0.936*
0.864*

Fp2

F6

FC5

FC6

C6

CP2

CP3

CP5

0.946*
0.919*
0.975*
0.858*
0.969*
0.865*
0.907*
0.915*
0.762*
0.846*
0.854*

0.932*
0.973*
0.866*
0.986*
0.960*
0.954*
0.937*
0.869*
0.915*
0.905*

0.931*
0.829* 0.930*
0.926* 0.969*
0.883* 0.916*
0.911* 0.950*
0.798* 0.907*
0.872* 0.798*
0.924* 0.898*
0.879* 0.850*

CPz

P1

P3

0.862*
0.814*
0.875*
0.810*
0.676
0.807*
0.712*

0.937*
0.943*
0.943*
0.864*
0.902*
0.929*

0.982*
0.856*
0.931*
0.956*
0.941*

0.854*
0.892* 0.697
0.953* 0.733* 0.963*
0.923* 0.805* 0.965* 0.935*

FC6

C6

CP2

CP3

CP5

0.902*
0.822*
0.784*
0.860*
0.771*
0.616
0.793*
0.690

0.741*
0.702* 0.923*
0.814* 0.933*
0.785* 0.936*
0.504 0.829*
0.612 0.813*
0.554 0.944*

Extremely hard
Beta
Fp2
F6
FC5
FC6
C6
CP2
CP3
CP5
CPz
P1
P3
Pz

AF3 Fp2
F6
FC5
0.825*
0.889* 0.962*
0.887* 0.885* 0.949*
0.868* 0.907* 0.959* 0.891*
0.660 0.774* 0.857* 0.785*
0.880* 0.894* 0.931* 0.908*
0.917* 0.750* 0.865* 0.866*
0.885* 0.858* 0.936* 0.934*
0.697 0.890* 0.882* 0.793*
0.816* 0.606 0.745* 0.804*
0.943* 0.710* 0.827* 0.810*
0.871* 0.783* 0.842* 0.862*

CPz

P1

P3

0.953*
0.776* 0.845*
0.937* 0.856* 0.634
0.944* 0.875* 0.613 0.901*
0.946* 0.910* 0.805* 0.942* 0.873*
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Gamma power
Extremely light
Gamma
Fp2
F6
FC5
FC6
C6
CP2
CP3
CP5
CPz
P1
P3
Pz

AF3 Fp2
0.915*
0.949* 0.871*
0.819* 0.872*
0.886* 0.864*
0.475 0.552
0.807* 0.842*
0.797* 0.669
0.814* 0.707*
0.591 0.784*
0.923* 0.804*
0.908* 0.738*
0.970* 0.946*

F6

FC5

FC6

C6

CP2

CP3

0.731*
0.881* 0.685
0.360 0.567 0.651
0.690 0.970* 0.715* 0.564
0.794* 0.521 0.849* 0.421 0.587
0.819* 0.691 0.819* 0.430 0.739* 0.949*
0.475 0.856* 0.657 0.743* 0.880* 0.387
0.803* 0.660 0.756* 0.385 0.676 0.791*
0.899* 0.543 0.776* 0.280 0.520 0.840*
0.896* 0.848* 0.820* 0.432 0.834* 0.764*

CP5

CPz

P1

P3

0.511
0.731* 0.437
0.770* 0.241 0.927*
0.789* 0.639 0.934* 0.870*

Light
Gamma
Fp2
F6
FC5
FC6
C6
CP2
CP3
CP5
CPz
P1
P3
Pz

AF3 Fp2
F6
FC5 FC6 C6
CP2 CP3 CP5 CPz P1
P3
0.680
0.893* 0.884*
0.743* 0.848* 0.832*
0.828* 0.878* 0.964* 0.749*
0.518 0.629 0.721* 0.372 0.812*
0.795* 0.935* 0.887* 0.826* 0.865* 0.571
0.890* 0.753* 0.861* 0.655 0.812* 0.565 0.914*
0.857* 0.618 0.735* 0.790* 0.621 0.253 0.815* 0.861*
0.595 0.902* 0.754* 0.729* 0.786* 0.706* 0.881* 0.716* 0.591
0.768* 0.755* 0.877* 0.631 0.814* 0.599 0.852* 0.913* 0.730* 0.611
0.866* 0.758* 0.917* 0.649 0.897* 0.622 0.860* 0.927* 0.741* 0.604 0.952*
0.842* 0.885* 0.949* 0.710* 0.923* 0.695 0.930* 0.936* 0.715* 0.767* 0.945* 0.956*
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Somewhat hard
Gamma
Fp2
F6
FC5
FC6
C6
CP2
CP3
CP5
CPz
P1
P3
Pz

AF3 Fp2
0.791*
0.859* 0.823*
0.805* 0.729*
0.718* 0.926*
0.682 0.823*
0.896* 0.907*
0.849* 0.851*
0.640 0.776*
0.789* 0.947*
0.924* 0.688
0.909* 0.718*
0.986* 0.803*

F6

FC5

FC6

C6

CP2

CP3

CP5

CPz

P1

P3

0.627
0.851* 0.660
0.683 0.776* 0.921*
0.730* 0.870* 0.776* 0.789*
0.904* 0.693 0.854* 0.756* 0.823*
0.684 0.806* 0.688 0.655 0.777* 0.809*
0.708* 0.764* 0.886* 0.871* 0.928* 0.842*
0.766* 0.758* 0.566 0.553 0.867* 0.814*
0.956* 0.625 0.703* 0.564 0.732* 0.883*
0.840* 0.784* 0.731* 0.694 0.904* 0.894*

0.726*
0.700* 0.676
0.646 0.626 0.884*
0.663 0.835* 0.916* 0.888*

F6

CP5

Hard
Gamma
Fp2
F6
FC5
FC6
C6
CP2
CP3
CP5
CPz
P1
P3
Pz

AF3 Fp2
0.715*
0.857* 0.867*
0.686 0.745*
0.585 0.973*
0.006 0.223
0.588 0.778*
0.786* 0.493
0.641 0.656
0.582 0.824*
0.739* 0.478
0.785* 0.578
0.687 0.612

FC5

FC6

C6

0.902*
0.825* 0.748*
0.164 0.274 0.356
0.834* 0.687 0.761* 0.063
0.776* 0.647 0.423 0.050
0.796* 0.782* 0.614 0.228
0.783* 0.620 0.810* 0.040
0.784* 0.618 0.441 -0.046
0.849* 0.647 0.536 0.082
0.783* 0.581 0.558 -0.199

CP2

CP3

CPz

P1

P3

0.764*
0.863* 0.831*
0.963* 0.705* 0.782*
0.724* 0.916* 0.632 0.674
0.783* 0.919* 0.699* 0.713* 0.971*
0.886* 0.876* 0.718* 0.877* 0.913* 0.892*
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Extremely hard
Gamma
Fp2
F6
FC5
FC6
C6
CP2
CP3
CP5
CPz
P1
P3
Pz

AF3 Fp2
F6
FC5 FC6 C6
0.702*
0.738* 0.773*
0.748* 0.686 0.582
0.927* 0.818* 0.840* 0.817*
0.508 0.336 0.061 0.731* 0.559
0.669 0.903* 0.808* 0.741* 0.733* 0.200
0.766* 0.599 0.719* 0.792* 0.710* 0.300
0.786* 0.588 0.703* 0.884* 0.764* 0.452
0.498 0.819* 0.647 0.683 0.581 0.230
0.861* 0.629 0.812* 0.693 0.781* 0.220
0.876* 0.512 0.724* 0.706* 0.788* 0.324
0.886* 0.857* 0.855* 0.639 0.855* 0.243

CP2

CP3

CP5

CPz

P1

P3

0.821*
0.787* 0.973*
0.929* 0.690 0.693
0.790* 0.958* 0.912* 0.609
0.630 0.894* 0.869* 0.381 0.944*
0.864* 0.777* 0.744* 0.756* 0.869* 0.739*
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Table L.1 ANOVA table for Fp1 beta power
Source
Subject
Comfort level
Error
Total

df
7
5
35
47

Adj SS
319.653
3.233
8.663
331.550

Adj MS
45.6648
0.6466
0.2475

Fvalue
184.49
2.61

pvalue
0.000
0.041

Fvalue
209.93
2.45

pvalue
0.000
0.052

Table L.2 ANOVA table for FC1 beta power
Source
Subject
Comfort level
Error
Total

df
7
5
35
47

Adj SS
463.465
3.871
11.039
478.374

Adj MS
66.2092
0.7742
0.3154

Table L.3 ANOVA table for FC6 gamma power
Source
Subject
Comfort level
Error
Total

df
7
5
35
47

Adj
SS
250.52
23.88
61.80
336.20

Adj
MS
35.788
4.777
1.766

Fvalue
20.27
2.71

pvalue
0.000
0.036

Table L.4 ANOVA table for C1 beta power
Source
Subject
Comfort level
Error
Total

df
7
5
35
47

Adj SS
472.752
3.648
9.863
486.262

Adj MS
67.5360
0.7295
0.2818
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Fvalue
239.67
2.59

pvalue
0.000
0.043

Table L.5 ANOVA table for CP4 beta power
Source
Subject
Comfort level
Error
Total

df
7
5
35
47

Adj SS
365.845
4.871
13.918
384.634

Adj MS
52.2636
0.9742
0.3977

Fvalue
131.43
2.45

pvalue
0.000
0.053

Fvalue
114.66
2.53

pvalue
0.000
0.047

Fvalue
120.73
2.44

pvalue
0.000
0.054

Table L.6 ANOVA table for CPz beta power
Source
Subject
Comfort level
Error
Total

df
7
5
35
47

Adj SS
398.961
6.297
17.397
422.655

Adj MS
56.9944
1.2594
0.4971

Table L.7 ANOVA table for Pz beta power
Source
Subject
Comfort level
Error
Total

df
7
5
35
47

Adj SS
268.687
3.876
11.128
283.691

Adj MS
38.3839
0.7751
0.3179

154

APPENDIX M: INTER-CHANNEL CORRELATION MATRICES
(EXPERIMENT II)

155

Channel correlations for EEG spectral power at different levels of comfort. * corresponds
to a significant correlation with p ≤ .05.
Theta power
Moderate
Theta
FC1
FC6
C1
CP4
CPz
Pz

Fp1
FC1 FC6
0.947*
0.893* 0.846*
0.937* 0.962* 0.898*
0.817* 0.818* 0.917*
0.892* 0.884* 0.863*
0.905* 0.960* 0.866*

C1

CP4

CPz

0.928*
0.928* 0.850*
0.980* 0.890* 0.868*

Fair
Theta
FC1
FC6
C1
CP4
CPz
Pz

Fp1
FC1 FC6
0.864*
0.908* 0.835*
0.910* 0.971* 0.862*
0.943* 0.839* 0.929*
0.891* 0.862* 0.817*
0.940* 0.923* 0.915*

C1

CP4

CPz

0.914*
0.932* 0.879*
0.934* 0.924* 0.829*

High
Theta
FC1
FC6
C1
CP4
CPz
Pz

Fp1
FC1 FC6
0.770*
0.795* 0.810*
0.749 0.951* 0.848*
0.713* 0.781* 0.764*
0.682 0.891* 0.769*
0.869* 0.890* 0.699*

C1

CP4

CPz

0.845*
0.977* 0.772*
0.830* 0.838* 0.758*

156

Very high
Theta
FC1
FC6
C1
CP4
CPz
Pz

Fp1
FC1 FC6
0.778*
0.816* 0.723*
0.779* 0.961* 0.696
0.828* 0.810* 0.885*
0.734* 0.871* 0.720*
0.927* 0.886* 0.921*

C1

CP4

CPz

0.879*
0.946* 0.863*
0.853* 0.882* 0.828*

Alpha power
Very low
Alpha
FC1
FC6
C1
CP4
CPz
Pz

Fp1
FC1 FC6 C1
CP4 CPz
0.841*
0.908* 0.945*
0.744* 0.942* 0.887*
0.777* 0.824* 0.889* 0.853*
0.711* 0.826* 0.811* 0.916* 0.777*
0.884* 0.947* 0.964* 0.952* 0.868* 0.914*

Moderate
Alpha
FC1
FC6
C1
CP4
CPz
Pz

Fp1
FC1 FC6 C1
CP4 CPz
0.931*
0.906* 0.947*
0.878* 0.970* 0.918*
0.878* 0.823* 0.871* 0.852*
0.823* 0.897* 0.943* 0.939* 0.876*
0.907* 0.960* 0.979* 0.959* 0.891* 0.967*
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Fair
Alpha
FC1
FC6
C1
CP4
CPz
Pz

Fp1
FC1
0.929*
0.934* 0.986*
0.815* 0.957*
0.910* 0.945*
0.803* 0.902*
0.951* 0.973*

FC6

C1

CP4

CPz

0.933*
0.956* 0.891*
0.908* 0.930* 0.843*
0.966* 0.925* 0.917* 0.885*

High
Alpha
FC1
FC6
C1
CP4
CPz
Pz

Fp1
FC1
0.869*
0.918* 0.920*
0.814* 0.968*
0.829* 0.901*
0.760* 0.819*
0.855* 0.904*

FC6

C1

CP4

CPz

0.891*
0.878* 0.908*
0.896* 0.889* 0.793*
0.938* 0.925* 0.832* 0.906*

Very high
Alpha
FC1
FC6
C1
CP4
CPz
Pz

Fp1
FC1
0.957*
0.902* 0.910*
0.886* 0.945*
0.876* 0.874*
0.767* 0.809*
0.904* 0.929*

FC6

C1

CP4

CPz

0.921*
0.959* 0.844*
0.903* 0.940* 0.809*
0.968* 0.924* 0.933* 0.862*

Beta power
Very low
Beta
FC1
FC6
C1
CP4
CPz
Pz

Fp1
0.845*
0.901*
0.831*
0.749*
0.881*
0.821*

FC1

FC6

C1

CP4

CPz

0.825*
0.945* 0.854*
0.749* 0.891* 0.894*
0.892* 0.926* 0.936* 0.899*
0.903* 0.833* 0.978* 0.862* 0.893*
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Moderate
Beta
FC1
FC6
C1
CP4
CPz
Pz

Fp1
0.868*
0.904*
0.858*
0.778*
0.813*
0.801*

FC1

FC6

C1

CP4

CPz

0.895*
0.984* 0.917*
0.878* 0.925* 0.936*
0.908* 0.903* 0.929* 0.881*
0.884* 0.871* 0.914* 0.905* 0.879*

Fair
Beta
FC1
FC6
C1
CP4
CPz
Pz

Fp1
0.890*
0.896*
0.826*
0.790*
0.792*
0.760*

FC1

FC6

C1

CP4

CPz

0.905*
0.976* 0.915*
0.895* 0.943* 0.947*
0.863* 0.936* 0.909* 0.905*
0.929* 0.883* 0.971* 0.931* 0.885*

High
Beta
FC1
FC6
C1
CP4
CPz
Pz

Fp1
FC1 FC6 C1
CP4 CPz
0.898*
0.909* 0.906*
0.854* 0.975* 0.918*
0.814* 0.913* 0.882* 0.973*
0.847* 0.916* 0.931* 0.952* 0.913*
0.810* 0.934* 0.876* 0.967* 0.927* 0.943*
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Very high
Beta
FC1
FC6
C1
CP4
CPz
Pz

Fp1
0.886*
0.903*
0.856*
0.817*
0.843*
0.846*

FC1

FC6

C1

CP4

CPz

0.914*
0.983* 0.922*
0.895* 0.897* 0.953*
0.882* 0.925* 0.886* 0.888*
0.934* 0.942* 0.954* 0.904* 0.907*

Gamma
Very low
Gamma
FC1
FC6
C1
CP4
CPz
Pz

Fp1
FC1
0.548
0.868* 0.615
0.293 0.887*
0.446 0.797*
0.616 0.608
0.843* 0.657

FC6

C1

CP4

CPz

0.493
0.702* 0.831*
0.685 0.537 0.821*
0.694 0.452 0.561 0.642

Moderate
Gamma
FC1
FC6
C1
CP4
CPz
Pz

Fp1
0.645
0.586
0.511
0.518
0.431
0.578

FC1

FC6 C1

CP4

CPz

0.687
0.842* 0.636
0.679 0.598 0.750*
0.505 0.644 0.780* 0.426
0.696 0.477 0.704* 0.776* 0.432
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Fair
Gamma
FC1
FC6
C1
CP4
CPz
Pz

Fp1
FC1
0.954*
0.858* 0.913*
0.867* 0.946*
0.760* 0.788*
0.765* 0.800*
0.835* 0.857*

FC6

C1

CP4

CPz

0.836*
0.709* 0.921*
0.858* 0.759* 0.660
0.827* 0.902* 0.874* 0.906*

High
Gamma
FC1
FC6
C1
CP4
CPz
Pz

Fp1
FC1
0.883*
0.949* 0.885*
0.863* 0.930*
0.511 0.717*
0.768* 0.683
0.668 0.811*

FC6

C1

CP4

CPz

0.903*
0.526 0.758*
0.821 0.857* 0.706*
0.644 0.873* 0.890* 0.700*

Very high
Gamma
FC1
FC6
C1
CP4
CPz
Pz

Fp1
FC1
0.932*
0.737* 0.613
0.890* 0.924*
0.768* 0.743*
0.791* 0.760*
0.711* 0.712*

FC6

C1

CP4

CPz

0.780*
0.810* 0.726*
0.922* 0.872* 0.746*
0.882* 0.780* 0.941* 0.866*
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